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Abstract
We propose a model for the binding of variables to concrete fillers in the human
brain. The model is based on recent experimental data about corresponding neural processes in humans. First, electrode recordings from the human brain suggest
that concepts are represented in the medial temporal lobe (MTL) through sparse
sets of neurons (assemblies). Second, fMRI recordings from the human brain suggest that specific subregions of the temporal cortex are dedicated to the representation of specific roles (e.g., subject or object) of concepts in a sentence or visually
presented episode. We propose that quickly recruited assemblies of neurons in
these subregions act as pointers to previously created assemblies that represent
concepts. As a proof of principle, we performed computer simulations of a spiking neural network model that implemented the proposed paradigm for binding
through assembly pointers. We show that the model supports basic operations of
brain computations, such as structured recall and copying of information.
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Introduction

Numerous electrode recordings from the human brain (see [1] for a review) suggest that concepts
are represented through sparse sets of neurons that fire (more or less) whenever the corresponding
concept is activated. These data confirm earlier hypotheses and models about the representation of
tokens of cognitive computations through assemblies of neurons [2]. More recent data [3] suggests
that assemblies should not be seen as invariant entities, but as fluent coalitions of neurons whose
synaptic interconnections can be strengthened very fast, even in response to a single experience. This
data also suggests that these processes on the synaptic level underlie the formation of associations.
We propose that assemblies of neurons are also instrumental for creating a transient or longer lasting
binding of a variable to a filler. For example, they could bind a variable that represents a thematic
role (e.g., agent or patient in an episode) to a word or concept. Information about the neural representation of semantic roles is provided through recent fMRI data, where specific subregions in the
temporal cortex were shown to respond to specific semantic (thematic) roles of individuals in an
episode that was communicated through a sentence [4] or a movie [5].

Here we do not assume that semantic roles are represented by fixed assemblies of neurons. Such a
fixed assembly would in general not have sufficient direct synaptic connectivity to the virtually unlimited repertoire of words or concepts, each represented through assemblies in other brain regions,
that could acquire this semantic role in an episode. To achieve such large potential connectivity, the
size of this fixed assembly would have to be so large that its activation would not be consistent with
generic sparse firing activity in each brain region. Rather, we propose that the specific subregions
of the temporal cortex that were shown to be activated differentially in dependence of the specific
semantic role of a concept serve as large pools of neurons (we will refer to them as neural spaces). In
neural spaces, sparse assemblies can quickly be recruited from the subset of neurons that happen to
have direct synaptic connections to the assemblies for the corresponding concepts involved (assembly pointers). We propose that this model can reconcile functional needs, such as being able to recall
the concept from its recent thematic role, with data on the inherently sparse connectivity between
brain areas [6]. One can also view this model as a direct extrapolation of data on the formation of
associations between concepts from [3] to associations between thematic roles (i.e., variables) and
concepts.
We propose that one well-known neurophysiological mechanism is essential for the control of this
binding process: disinhibition. At least two different ways how brain areas can be selectively disinhibited have been proposed on the basis of experimental data [7]. One is neuromodulatory control
(especially cholinergic), see [8]. Another one is disinhibition via the activation of VIP cells, i.e., of
inhibitory neurons that primarily target other types of inhibitory neurons [9]. Firing of VIP cells is
apparently often caused by top-down inputs (they are especially frequent in layer 1, where top-down
and lateral distal inputs arrive). Their activation is conjectured to enable neural firing and plasticity
within specific patches of the brain through disinhibition, see e.g. [7, 8, 10, 11, 12]. We propose that
disinhibition plays a central role for neural computation and learning by controlling operations on
assembly pointers.
In this article, we briefly describe the proposed model of assembly pointers for variable binding and
outline a spiking neural network that implements this model. A more detailed discussion for the
model can be found in [13].

2

Results

Recent experimental data indicates that neural activity patterns in cortex can be characterized in first
approximation as spontaneous and stimulus-evoked switching between the activations of different
(but somewhat overlapping) subsets of neurons (see e.g. [14, 15, 16]), often referred to as assemblies
of neurons. We therefore represent a specific content (a word or a concept) in our model by a specific
assembly of neurons in a content space C.
Our model for the binding of a variable that represents a syntactic role (agent, verb, patient) to a
concrete word (referred to more abstractly as "content" in our model) is based on the results and
hypotheses of [4]. We refer to the particular region or set of neurons that is reserved for a variable v
as a neural space Nv for variable v. Thus each such neural space Nv can be viewed as functioning
like a register in a computer in the terminology of [4]. But in contrast to a computer, this "register"
is not used for storing content in it. Rather, assemblies in this register store "handles" or "pointers"
to assemblies that store content information in the separate content space C.
In addition our model takes into account that neurons typically do not fire just because they receive
sufficiently strong excitatory input. Experimental data suggest that neurons are typically prevented
from firing by an "inhibitory lock", that balances or even dominates excitatory input [17]. Thus a
generic pyramidal cell is likely to fire because two events take place: its inhibitory lock is temporarily
lifted ("disinhibition") and its excitatory input is sufficiently strong. Such disinhibition is apparently
often caused by top-down inputs. We propose that orchestrated top-down disinhibition of neural
spaces controls the formation of assembly pointers as well as the recall of content from assembly
pointers and other cognitive operations.
We implemented this network structure with stochastically spiking neurons. The network consisted
of a content space C and a neural space Nv for some variable v that each contained 1000 recurrently
connected excitatory neurons (connection probability 0.1). To ensure sparse activity, lateral inhibition was implemented in a symbolic manner in each of the neural spaces through an inhibitory
current that depended on the recent firing rate of neurons in the space. Disinhibition was modeled
2

through a multiplicative effect of an inhibitory input on the membrane potential of neurons. Reciprocal connections between C and Nv were introduced randomly with a connection probability of 0.1.
Neurons in the content space received in addition connections from 200 input neurons. All synapses
between excitatory neurons in the circuit were subject to spike-timing dependent plasticity (STDP).
First, five assemblies were induced in content space C by repeated presentation of 5 simple rate patterns P1 , . . . , P5 that represented concepts or words at the input. Due to these pattern presentations,
an assembly C(Pi ) emerged in content space for each of the patterns Pi (assembly sizes between
81 and 86 neurons) that showed robust firing activity whenever the corresponding pattern was presented as input. STDP of recurrent connections led to a strengthening of these synapses within each
assembly, while synapses between assemblies remained weak (see [13] for details).
According to our model for variable binding, disinhibition enables the creation of an assembly
pointer in some neural space Nv to the currently active assembly in the content space. Such disinhibition of a neural space Nv allows that some of neurons in it can fire, especially those that
receive sufficiently strong excitatory input from a currently active assembly in the content space.
Furthermore, in line with previously cited experimental reports we assume that this allowed firing of
neurons in the neural space also enables plasticity of these neurons and synapses that are connected
to it. To validate this hypothesis, we simulated disinhibition of the neural space Nv while input to
content space C excited an assembly there. We found that STDP in the synapses that connect the
content space C and the neural space Nv led to the stable emergence of an assembly in Nv within a
second. Further, plasticity at recurrent synapses in Nv induced a strengthening of recurrent connections within assemblies there. Hence, disinhibition led to the rapid and stable creation of an assembly
in the neural space, i.e., an assembly pointer. We denote such creation of an assembly pointer in a
neural space Nv for a specific variable v to content P encoded in content space by CREATE(v, P ).
Our model for variable binding based on assembly pointers further assumes that strengthened synaptic connections between assemblies in a neural space Nv and content space C enable the recall
RECALL(v) of the variables’ content, i.e., the activation of the assembly for content P in content space that was active at the most recent CREATE(v, P ) operation (e.g., representing the word
“truck”). It has been shown that the excitability of pyramidal cells can be changed in a very fast but
transient manner through fast depression of GABA-ergic synapses onto pyramidal cells [18]. Using
such a mechanism, a RECALL(v) can be initiated by disinhibition of the neural space Nv while the
content space does not receive any bottom up input. The increased excitability of recently activated
neurons in Nv ensures that the most recently active assembly is activated which in turn activates the
corresponding content through its (previously potentiated) feedback connections to content space C.
The viability of this model for the recall of previously bound content was confirmed in simulations
of the spiking neural network model described above, see [13] for details.
Apart from the creation of assembly pointers and recall of content, two further operations have been
postulated to be essential for many higher cognitive functions [19]. The first is COPY(u, v) that
copies the content of variable u to variable v. In our model, the copy operation creates an assembly
pointer in neural space Nv for variable v to the content to which the assembly pointer in neural
space Nu for variable u refers to. This operation can be implemented in our model simply by
disinhibiting Nu in order to activate the corresponding content in C followed by a disinhibition of
Nv in order to create an assembly pointer there. A final fundamental operation considered in [19]
is COMPARE(u, v) which compares whether the content of u equals the content of v. One possible
implementation of this operation in our model is a readout neuron that receives depressing synaptic
connections from the content space. Then, when the content for Nu and Nv is recalled in sequence,
readout synapses will be depressed for the content of Nv if and only if the content of Nu equals
the content of Nv . Such a “change detecting” readout thus exhibits high activity if the contents
of Nu and Nv are different. We confirmed in computer simulations that these operations can be
implemented in a spiking neural network model of assembly pointers, see [13].
Reproducing experimental data on the binding of agents to roles: Two experiments were performed in [4] that provided new insights in how variables may be encoded in cortex. Sentences were
shown to participants where individual words (like “truck” or “ball”) can occur as the agent or as the
patient. In a first experiment, the authors aimed to identify cortical regions that encode the meaning
of such sentences. Four example sentences with the words ”truck” and “ball” are “The truck hit the
ball” (S1), “The ball was hit by the truck” (S2), “The truck was hit by the ball” (S3), and “The ball
hit the truck” (S4). Here, S1 and S2 (and S3 and S4 respectively) have the same meaning. Indeed,
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the authors showed that a linear classifier is able to classify the meaning of such sentences from the
fMRI signal of left mid-superior temporal cortex (lmSTC). Using our model for assembly pointers,
we can model such situations by binding words either to an agent variable (“who did it”) or to a
patient variable (“to whom it was done”). Under the assumption that lmSTC hosts neural spaces
(with assembly pointers) for the role of words, it is expected that the meaning of a sentence can be
decoded from the activity there, but not from the activity in content space where the identities are
encoded independently of their role. This conjecture was verified through computer simulations of
our spiking neural network model for assembly pointers, see [13] for details.
A second experiment in [4] revealed that subregions of lmSTC also contain information about the
current value of the variables for the agent and the patient. More specifically, the authors showed
that one is able to predict from the fMRI signal of one subregion of lmSTC the identity of the agent
and from the signal in another subregion the identity of the patient (generalizing over all identities
of other roles and over different verbs). We confirmed through computer simulations that this is also
the case in the proposed model since the assemblies that are formed in the neural spaces Nagent and
Npatient are typically specific to the bound content. Note that such classification would fail if each
neural space consisted of only a single assembly that is activated for all possible fillers [19], since in
this case no information about the identity of the role is available in the neural space for the variable.

3

Discussion

It has often been emphasized (see e.g. [20, 21]) that there is a need to understand brain mechanisms
for variable binding, and several models for variable binding had been proposed in the literature.
These models fall into one of the general classes of pointer-based binding, binding by synchrony, or
convolutional binding. Pointer-based models (e.g., [19, 22]) assume that pointers are implemented
by single neurons or populations of neurons which are activated as a whole group. In contrast,
our model is based on the assumption that distributed assemblies of neurons are the fundamental
tokens for encoding symbols and content in the brain, and also for pointers. We propose that these
assembly pointers can be created on the fly in some neural spaces for variables and occupy only a
sparse subset of neurons in these spaces. It has been shown in [4] that the filler of a thematic role (e.g.
the actor) can be predicted from the fMRI signal of a subregion in temporal cortex when a person
reads a sentence. As shown above, this finding is consistent with assembly pointers. It is however
inconsistent with models where a variable engages a population of neurons that is independent of
the bound content, such as traditional pointer-based models. In comparison to traditional pointer
models, the assembly pointer model could also give rise to a number of functional advantages. In
a neural space Nv for a variable v, several instantiations of the variable can coexist at the same
time, since they can be represented there by increased excitabilities of different assemblies. These
contents could be recalled as different possibilities in a structured recall and combined in content
space C with the content of other variables to in order to answer more complex questions.
Some data shows that the relation between spiking activity and the phases of underlying oscillatory population activity may play a role in hippocampus and for working memory [23], indicating
a possible role of synchrony in the binding process. Still, the reliability and capacity of binding
by synchrony is currently unclear. We note that, while our model is not based on precise synchronization of spikes in different neural spaces, the synaptic coupling between these spaces together
with lateral inhibition leads to some synchronized oscillations of interacting neural spaces in our
simulations. This is consistent with recent experimental data which suggest that common rhythms
in two brain areas support the flow of excitation between these two areas, and also the potentiation
of synapses between activated neurons in both areas [24].
Convolutional binding (see e.g., [25]) uses mathematical operations on high-dimensional vectors
for variable binding. It had been used in the semantic pointer architecture of Eliasmith [26] where
spiking neural networks were constructed to perform these rather complex operations. Similarly, the
neural blackboard architecture (NBA, see e.g. [27]) relies on a number of neural circuits that were
constructed for example to gate activity or to memorize associations. In contrast to these models,
the assembly pointer model focuses on the emergence of binding operations, using assumptions on
the fundamental level of assembly coding, network connectivity statistics, and plasticity processes.
We have presented in this article a model for variable binding through assemblies based on “assembly
pointers”. The model is consistent with recent findings on cortical assemblies and the encoding of
4

sentence meaning in cortex [4]. It provides a direct link between information processing on the level
of symbols and sentences and processes on the level of neurons and synapses. The resulting model
for brain computation allows top down structuring of incoming information, thereby laying the
foundation of goal oriented „willful“ information processing rather than just input-driven processing.
Acknowledgments
Written under partial support by the European Union project #604102 (Human Brain Project).

References
[1] R. Q. Quiroga. Neuronal codes for visual perception and memory. Neuropsychologia, 83:227–241, 2016.
[2] D. O. Hebb. The Organization of Behavior. Wiley, New York, 1949.
[3] M. J. Ison, R. Q. Quiroga, and I. Fried. Rapid encoding of new memories by individual neurons in the
human brain. Neuron, 87(1):220–230, 2015.
[4] S. M. Frankland and J. D. Greene. An architecture for encoding sentence meaning in left mid-superior
temporal cortex. Proceedings of the National Academy of Sciences, 112(37):11732–11737, 2015.
[5] J. Wang, V. L. Cherkassky, Y. Yang, K. K., Chang, R. Vargas, N. Diana, and M.A. Just. Identifying thematic roles from neural representations measured by functional magnetic resonance imaging. Cognitive
Neuropsychology, 33(3-4):257–264, 2016.
[6] X. J. Wang and H. Kennedy. Brain structure and dynamics across scales: in search of rules. Current
opinion in neurobiology, 37:92–98, 2016.
[7] J. J. Letzkus, S. B. E. Wolff, and A. Lüthi. Disinhibition, a circuit mechanism for associative learning and
memory. Neuron, 88:264–276, 2015.
[8] R. C. Froemke and C. E. Schreiner. Synaptic plasticity as a cortical coding scheme. Current Opinion in
Neurobiology, 35:185–199, 2015.
[9] K. D. Harris and G. M. G. Shepherd. The neocortical circuit: themes and variations. Nature Neuroscience,
18(2):170–181, 2015.
[10] P. Caroni. Inhibitory microcircuit modules in hippocampal learning. Current Opinion in Neurobiology,
35:66–73, 2015.
[11] C. K. Pfeffer. Inhibitory neurons: VIP cells hit the brake on inhibition. Current Biology, 24(1):R18–R20,
2014.
[12] Y. Fu, M. Kaneko, Y. Tang, a. Alvarez-Buylla, and M. P. Stryker. A cortical disinhibitory circuit for
enhancing adult plasticity. Elife, 4:e05558, 2015.
[13] R. Legenstein, C. H. Papadimitriou, S. Vempala, and W. Maass. Assembly pointers for variable binding
in networks of spiking neurons. arXiv:1611.03698, 2016.
[14] G. Buzsaki. Neural syntax: cell assemblies, synapsembles, and readers. Neuron, 68(3):362–385, 2010.
[15] B. Bathellier, L. Ushakova, and S. Rumpel. Discrete neocortical dynamics predict behavioral categorization of sounds. Neuron, 76(2):435–449, 2012.
[16] A. Luczak and J. N. MacLean. Default activity patterns at the neocortical microcircuit level. Frontiers in
Integrative Neuroscience, 6(30):doi: 10.3389/fnint.2012.00030, 2012.
[17] B. Haider, M. Häusser, and M. Carandini. Inhibition dominates sensory responses in the awake cortex.
Nature, 493(7430):97–100, 2013.
[18] D. M. Kullmann, A. W. Moreau, Y. Bakiri, and E. Nicholson. Plasticity of inhibition. Neuron, 75(6):951–
962, 2012.
[19] A. D. Zylberberg, L. Paz, P. R. Roelfsema, S. Dehaene, and M. Sigman. A neuronal device for the control
of multi-step computations. Papers in Physics, 5:050006, 2013.
[20] G. F. Marcus. The algebraic mind: Integrating connectionism and cognitive science. MIT Press, 2003.
[21] G. F. Marcus, A. Marblestone, and T. Dean. The atoms of neural computation - does the brain depend on
a set of elementary, reusable computations? Science, 346(6209):551–552, 2014.
[22] T. Kriete, D. C. Noelle, J. D. Cohen, and R. C. O’Reilly. Indirection and symbol-like processing in the
prefrontal cortex and basal ganglia. Proceedings of the National Academy of Sciences, 110(41):16390–
16395, 2013.
[23] M. Siegel, M. R. Warden, and E. K. Miller. Phase-dependent neuronal coding of objects in short-term
memory. Proceedings of the National Academy of Sciences, 106(50):21341–21346, 2009.

5

[24] A. D. Friederici and W. Singer. Grounding language processing on basic neurophysiological principles.
Trends in Cognitive Sciences, 19(6):329–338, 2015.
[25] T. A. Plate. Holographic reduced representations. IEEE Transactions on Neural Networks, 6(3):623–641,
1995.
[26] C. Eliasmith, T. C. Stewart, X. Choo, T. Bekolay, T. DeWolf, Y. Tang, and D. Rasmussen. A large-scale
model of the functioning brain. science, 338(6111):1202–1205, 2012.
[27] F. Van der Velde and M. De Kamps. Neural blackboard architectures of combinatorial structures in
cognition. Behavioral and Brain Sciences, 29(01):37–70, 2006.

6

ReasoNet: Learning to Stop Reading in Machine
Comprehension

Yelong Shen, Po-Sen Huang, Jianfeng Gao, Weizhu Chen
Microsoft Research, Redmond, WA, USA
{yeshen,pshuang,jfgao,wzchen}@microsoft.com

Abstract
Teaching a computer to read a document and answer general questions pertaining
to the document is a challenging yet unsolved problem. In this paper, we describe
a novel neural network architecture called the Reasoning Network (ReasoNet) for
machine comprehension tasks. ReasoNets make use of multiple turns to effectively
exploit and then reason over the relation among queries, documents, and answers.
Different from previous approaches using a fixed number of turns during inference,
ReasoNets introduce a termination state to relax this constraint on the reasoning
depth. With the use of reinforcement learning, ReasoNets can dynamically determine whether to continue the comprehension process after digesting intermediate
results, or to terminate reading when it concludes that existing information is adequate to produce an answer. ReasoNets have achieved state-of-the-art performance
in machine comprehension datasets, including unstructured CNN and Daily Mail
datasets, and a structured Graph Reachability dataset.

1

Introduction

Teaching machines to read, process, and comprehend natural language documents is a coveted goal
for artificial intelligence [2, 17, 6]. Genuine reading comprehension is extremely challenging, since
effective comprehension involves thorough understanding of documents and performing sophisticated
inference. Toward solving this machine reading comprehension problem, in recent years, several
work has collected various datasets, in the form of question, passage, and answer, to test machine
on answering a question based on the provided passage [17, 6, 7, 16]. Some large-scale cloze-style
datasets [6, 7] have gained significant attention along with powerful deep learning models.
Recent approaches on cloze-style datasets can be separated into two categories: single-turn and multiturn reasoning. Single turn reasoning models utilize attention mechanisms [1] with deep learning
models to emphasize specific parts of the document which are relevant to the query. These attention
models subsequently calculate the relevance between a query and the corresponding weighted
representations of document subunits (e.g. sentences or words) to score target candidates [7, 6, 8].
However, considering the sophistication of the problem, after a single-turn comprehension, readers
often revisit some specific passage or the question to grasp a better understanding of the problem.
With this motivation, recent advances in reading comprehension have made use of multiple turns to
infer the relation between query, document and answer [7, 5, 22, 18]. By repeatedly processing the
document and question after digesting intermediate information, multi-turn reasoning can generally
produce a better answer and all existing work has demonstrated its superior performance consistently.
Existing multi-turn models have a fixed number of hops or iterations in their inference, i.e., with predetermined reasoning depth, without regard to the complexity of each individual query or document.
However, when a human reads a document with a question in mind, we often decide whether we want
to stop reading if we believe the observed information is adequate already to answer the question,
or continue reading after digesting intermediate information until we can answer the question with
confidence. This behavior generally varies from document to document, or question to question

because it is related to the sophistication of the document or the difficulty of the question. Meanwhile,
the analysis in [3] also illustrates the huge variations in the difficulty level with respect to questions
in the CNN/Daily Mail datasets [6]. For a significant part of the datasets, this analysis shows that the
problem cannot be solved without appropriate reasoning on both its query and document.
With this motivation, we propose a novel neural network architecture called Reasoning Network
(ReasoNet). ReasoNets try to mimic the inference process of human readers. With a question in mind,
ReasoNets read a document repeatedly, each time focusing on different parts of the document until a
satisfying answer is found or formed. This reminds us of a Chinese proverb: “The meaning of a book
will become clear if you read it hundreds of times.”. Moreover, unlike previous approaches using
fixed number of hops or iterations, ReasoNets introduce a termination state in the inference. This state
can decide whether to continue the inference to next turn after digesting intermediate information, or
to terminate the whole inference when it concludes that existing information is sufficient to yield an
answer. This number of turns in the inference is dynamically modeled by both the document and the
query, and can be learned automatically according to the difficulty of the problem.
One of the significant challenges ReasoNets face is how to design an efficient training method,
since the termination state is discrete and not connected to the final output. This prohibits canonical
back-propagation method being directly applied to train ReasoNets. Inspired by [24, 13], we tackle
this challenge by proposing a novel deep reinforcement learning method called Contrastive Reward
(CR) to successfully train ReasoNets. Unlike traditional reinforcement learning optimization methods
using a global variable to capture rewards, CR utilizes an instance-based reward baseline assignment.
Experiments show the superiority of CR in both training speed and accuracy. Finally, by accounting
for a dynamic termination state during inference and applying proposed deep reinforcement learning
optimization method, ReasoNets achieve the state-of-the-art results in machine comprehension
datasets when the paper is first publicly available in arXiv1 , including unstructured CNN and Daily
Mail datasets, and a proposed structured Graph Reachability dataset.
This paper is organized as follows. In Section 2, we review and compare recent work on machine
reading comprehension tasks. In Section 3, we introduce our proposed ReasoNet model architecture
and training objectives. Section 4 presents the experimental setting and results on unstructured and
structured machine reading comprehension tasks .

2

Related Work

Recently, with large-scale datasets available and the impressive advance of various statistical models,
machine reading comprehension tasks have attracted much attention. Here we mainly focus on the
related work in cloze-style datasets [6, 7]. Based on how they perform the inference, we can classify
their models into two categories: single-turn and multi-turn reasoning.
Single-turn reasoning Single turn reasoning models utilize an attention mechanism to emphasis
some sections of a document which are relevant to a query. This can be thought of as treating some
parts unimportant while focusing on other important ones to find the most probable answer. [6]
propose the attentive reader and the impatient reader models using neural networks with an attention
over passages to predict candidates. [7] use attention over window-based memory, which encodes
a window of words around entity candidates, by leveraging an end-to-end memory network [19].
Meanwhile, given the same entity candidate can appear multiple times in a passage, [8] propose the
attention-sum reader to sum up all the attention scores for the same entity. This score captures the
relevance between a query and a candidate. [3] propose using a bilinear term similarity function
to calculate attention scores with pretrained word embedding. [22] propose the EpiReader which
uses two neural network structures: one extracts candidates using the attention-sum reader; the
other reranks candidates based on a bilinear term similarity score calculated from query and passage
representations.
Multi-turn reasoning For complex passages and complex queries, human readers often revisit the
given document in order to perform deeper inference after reading a document. Several recent
studies try to simulate this revisit by combining the information in the query with the new information
digested from previous iterations [7, 5, 18, 23, 12]. [7] use multiple hops memory network to augment
the query with new information from the previous hop. Gated Attention reader [5] is an extension of
1
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Algorithm 1: Stochastic Inference in a ReasoNet
Input :Memory M ; Initial state s1 ; Step t = 1; Maximum Step Tmax
Output :Termination Step T , Answer aT
Sample tt from the distribution p(·|ftg (st ; θtg ));
if tt is false, go to Step 3; otherwise Step 6;
Generate attention vector xt = fatt (st , M ; θx );
Update internal state st+1 = RNN(st , xt ; θs );
Set t = t + 1; if t < Tmax go to Step 1; otherwise Step 6;
Generate answer at ∼ p(·|fa (st ; θa ));
Return T = t and aT = at ;

the attention-sum reader with multiple iterations by pushing the query encoding into an attentionbased gate in each iteration. Iterative Alternative (IA) reader [18] produces a new query glimpse and
document glimpse in each iteration and utilizes them alternatively in the next iteration. [4] further
propose to extend the query-specific attention to both query-to-document attention and document-toquery attention, which is built from the intermediate results in the query-specific attention. By reading
documents and enriching the query in an iterative fashion, multi-turn reasoning has demonstrated
their superior performance consistently.
Our proposed approach explores the idea of using both attention-sum to aggregate candidate attention
scores and multiple turns to attain a better reasoning capability. Unlike previous approaches using
fixed number of hops or iterations, motivated by [14, 13], we propose a termination module in the
inference. The termination module can decide whether to continue to infer the next turn after digesting
intermediate information, or to terminate the whole inference process when it concludes existing
information is sufficient to yield an answer. The number of turns in the inference is dynamically
modeled by both a document and a query, and is generally related to the complexity of the document
and the query.

3

Reasoning Networks

ReasoNets are devised to mimic the inference process of human readers. ReasoNets read a document
repeatedly, with attention on different parts each time until a satisfying answer is found. As shown in
Figure 1, a ReasoNet is composed of the following components:
Internal State: The internal state is denoted as S which is a vector representation of the question
state. Typically, the initial state s1 is the last-word vector representation of query by an RNN. The
t-th time step of the internal state is represented by st . The sequence of internal state is modeled by
an RNN: st+1 = RNN(st , xt ; θs );
Memory: The external memory is denoted as M . It is a list of word vectors, M = {mi }i=1..D , where
mi is a fixed dimensional vector. In machine comprehensive tasks, mi is the vector representation of
each word in the doc by a bidirectional-RNN.
Attention: Attention vector xt is generated based on the current internal state st and the external
memory M : xt = fatt (st , M ; θx );
Termination Gate: Termination gate generates a stochastic random variable according to the current
internal state; tt ∼ p(·|ftg (st ; θtg ))). tt is a binary random variable. If tt is true, the ReasoNet stops,
and the answer module executes at time step t; otherwise the ReasoNet generates an attention vector
xt+1 , and feed into the state network to update the next internal state st+1 .
Answer: The action of answer module is triggered when the termination gate variable is true:
at ∼ p(·|fa (st ; θa )).
In Algorithm 1, we describe the stochastic inference process of a ReasoNet. The process can be
considered as a Partially Observable Markov Decision Process (POMDP) [9] in the reinforcement
learning (RL) literature. The state sequence s1:T is hidden and dynamic, controlled by an RNN
sequence model. The ReasoNet performs an answer action aT at the T -th step, which implies that
the termination gate variables t1:T = (t1 = 0, t2 = 0, ..., tT −1 = 0, tT = 1). The ReasoNet learns a
stochastic policy π((tt , at )|st ; θ) with parameters θ to get a distribution over termination actions, to
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Figure 1: A ReasoNet Architecture.
continue reading or to stop, and over answer actions if the model decides to stop at the current step.
The termination step T varies from instance to instance.
The parameters θ of the ReasoNet are given by the parameters of the embedding matrices W ,
attention network θx , the state RNN network θs , the answer action network θa , and the termination
gate network θtg . The parameters θ = {W, θx , θs , θa , θtg } are trained by maximizing the total expect
reward. The expected reward for an instance is defined as:
"
J(θ) = Eπ(t1:T ,aT ;θ)

T
X

#
rt

t=1

The reward can only be received at the final termination step when an answer action aT is performed.
We define rT = 1 if tT = 1 and the answer is correct, and rT = 0 otherwise. The rewards on
intermediate steps are zeros, {rt = 0}t=1...T −1 . J can be maximized by directly applying gradient
based optimization methods. The gradient of J is given by:
∇θ J(θ) = Eπ(t1:T ,aT ;θ) [∇θ logπ(t1:T , aT ; θ)rT ]
We apply the REINFORCE algorithm [24] to compute ∇θ J(θ):
Eπ(t1:T ,aT ;θ) [∇θ logπ(t1:T , aT ; θ)rT ] =

X
(t1:T ,aT

π(t1:T , aT ; θ) [∇θ logπ(t1:T , aT ; θ)(rT − bT )]

)∈A†

where A† is all the possible episodes, T, t1:T , aT and rT are the termination step, termination action,
answer action, and reward, respectively, for the (t1:T , aT ) episode. bT is called the reward baseline
in the RL literature to lower variance [21]. It is common to select bT = Eπ [rT ] [20], and can be
updated via an online moving average approach : bT = λbT + (1 − λ)rT .
However, we empirically find that above approach leads to slow convergence in training ReasoNets.
Intuitively, the average baselines {bT ; T = 1..Tmax } are global variables independent of instances.
It is hard for these baselines to capture the dynamic termination behavior of ReasoNets. In other
words, ReasoNets may stop at different time steps for different instances. The adoption of a global
variable without considering the dynamic variance in each instance is inappropriate. To resolve this
weakness in traditional methods and account for the dynamic characteristic of ReasoNets, we propose
an instance-based baseline method called “Contrastive Reward” (CR) to calculate ∇θ J(θ). The basic
idea of CR is to utilize an instance-based baseline assignment. We will elaborate its implementation
details in Section 3.1. Empirical results show that the proposed reward schema has produced better
results compared to the baseline approach.
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3.1

Training Details

In the machine reading comprehension tasks, a training dataset can be simplified as a collection of
triplets of query q, passage p, and answer a. Say hqn , pn , an i is the n-th training instance.
The first step is to extract memory M from pn by mapping each symbolic in the passage to a
contextual representation given by the concatenation of forward and backward RNN hidden states,
−|pn |−k+1 ], and extract initial state s from q by assigning s = [→
−
k ←
1
i.e., mk = [−
p→
qn |qn | , ←
q−
n , pn
1
n
1
n ].
†
Given M and s1 for the n-th training instance, a ReasoNet executes |A | episodes, where all possible
episodes A† can be enumerated by setting a maximum step. Each episode generates actions and a
reward from the last step: h(t1:T , aT ), rT i(t1:T ,aT )∈A† .
Therefore, the gradient of J can be rewritten as:
∇θ J(θ) =

X

π(t1:T , aT ; θ) [∇θ logπ(t1:T , aT ; θ)(rT − b)]

(t1:T ,aT )∈A†

P
where the baseline b = (t1:T ,aT )∈A† π(t1:T , aT ; θ)rT is the average reward on the |A† | episodes
for the n-th training instance. It allows different baselines for different training instances. This can
be beneficial since the complexity of trainingP
instances varies significantly. Since the sum of the
proposed rewards over |A† | episodes is zero, (t1:T ,aT )∈A† π(t1:T , aT ; θ)(rT − b) = 0, we call it
Contrastive Reward in this work. In experiments, we empirically find using ( rbT − 1) in replace of
(rT − b) can lead to a faster convergence. Therefore, we adopt this approach to train ReasoNets in
the experiments.

4

Experiments

4.1

CNN and Daily Mail Datasets

We evaluate the performance of ReasoNets on CNN and Daily Mail datasets.2 The detailed settings
of the ReasoNet model are as follows.
Vocab Size: For training our ReasoNet, we keep the most frequent |V | = 101k words (not including
584 entities and 1 placeholder marker) in the CNN dataset, and |V | = 151k words (not including
530 entities and 1 placeholder marker) in the Daily Mail dataset.
Embedding Layer: We choose word embedding size d = 300, and use the 300 dimensional
pretrained Glove word embeddings [15] for initialization. We also apply dropout with probability 0.2
to the embedding layer.
Bi-GRU Encoder: We apply bi-directional GRU for encoding query and passage into vector representations. We set the number of hidden units to be 256 and 384 for the CNN and Daily Mail datasets,
respectively. The recurrent weights of GRUs are initialized with random orthogonal matrices. The
other weights in GRU cell are initialized from a uniform distribution between −0.01 and 0.01. We
use a shared GRU model for both query and passage.
Memory and Attention: The memory of the ReasoNet on CNN and Daily Mail dataset is
composed of query memory and passage memory. M = (M query , M doc ), where M query and
M doc are extracted from query bidirectional-GRU encoder and passage bidirectional-GRU encoder respectively. We choose projected cosine similarity function as the attention module.
doc
The attention score adoc
given the state st is computed as follows: adoc
t,i on memory mi
t,i =
doc
doc
doc
softmaxi=1,...,|M doc | γ cos(W1doc mdoc
,
W
s
),
where
γ
is
set
to
10.
W
and
W
are
weight
t
2
1
2
i
vectors associated with mdoc
and st , respectively, and are joint trained in the ReasoNet. Thus,
i
P|M |
attention vector on passage is given by xdoc
= i at,i mdoc
t
i . The final attention vector is the
concatenation of the query attention vector and the passage attention vector xt = (xquery
, xdoc
t
t ). The
query
query
doc
doc
attention module is parameterized by θx = (W1
, W2
, W1 , W2 );
Internal State Controller: We choose GRU model as the internal state controller. The number of
hidden units in the GRU state controller is 256 for CNN and 384 for Daily Mail. The initial state
2

The CNN and Daily Mail datasets are available at https://github.com/deepmind/rc-data
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Query: passenger @placeholder 1, 36 , died at the scene
11

Passage: ( @entity0 ) what was supposed to be a fantasy sports car ride at
@entity3 turned deadly when a @entity4 3crashed into a guardrail 1. the crash
took place sunday at the @entity8 , which bills itself as a chance to drive your
dream car on a racetrack . the @entity4 's
passenger , 36 - year - old @entity14 1
23 3
1
of @entity15 , @entity16 , died at the scene , @entity13 said . the driver of the
Step
@entity4 , 24 - year - old @entity182of @entity19 , @entity16 , lost control of
2
the vehicle , the @entity13 said . he was hospitalized with minor injuries .
@entity24 , which operates the @entity8 at @entity3 , released a statement
1
sunday night about the crash . " on behalf of everyone in the organization , it is
2
with a very heavy heart that we extend our deepest sympathies to those
involved in today 's tragic accident in @entity36 , " the company said . @entity24 3
also operates the @entity3 -- a chance to drive or ride in @entity39 race cars
named for the winningest driver in the sport 's history . @entity0 's @entity43
and @entity44 contributed to this report .

Answer: @entity14

Step 1

Termination Attention
Probability
Sum
0.0011
0.5747
0.9178

0.4916
0.5486
0.5577

Step 3

Step 2

Figure 2: Results of a test example 69e1f777e41bf67d5a22b7c69ae76f0ae873cf43.story from the CNN dataset.
The numbers next to the underline bars indicate the rank of the attention scores. The corresponding termination
probability and the sum of attention scores for the answer entity are shown in the table on the right.
of the GRU controller is set to be the last-word of the query representation by a bidirectional-GRU
encoder.
Termination Module: We adopt a logistical regression to model the termination variable at each
time step : ftg (st ; θtg ) = sigmoid(Wtg st + btg ); θtg = (Wtg , btg )
Answer Module: We apply a linear projection from GRU outputs and make predictions on the entity
candidates. Following the settings in AS Reader [8], we sum up scores from the same candidate and
make a prediction. Thus, AS Reader can be viewed as a special case of ReasoNets with Tmax = 1.
Other Details: The maximum reasoning step, Tmax is set to 5 in experiments on both CNN and Daily
Mail datasets. We use ADAM optimizer [10] for parameter optimization with an initial learning rate
of 0.0005, β1 = 0.9 and β2 = 0.999; The absolute value of gradient on each parameter is clipped
within 0.001. The batch size is 64 for both CNN and Daily Mail datasets. For each batch of the CNN
and Daily Mail datasets we randomly reshuffle the assignment of named entities [6]. This forces
the model to treat the named entities as semantically meaningless labels. In the prediction of test
cases, we randomly reshuffle named entities up to 4 times, and report the averaged answer. Models
are trained on GTX TitanX 12GB. It takes 7 hours per epoch to train on the Daily Mail dataset and 3
hours per epoch to train on the CNN dataset. The models are usually converged within 6 epochs on
both CNN and Daily Mail datasets.
Table 1 shows the performance of all the existing single model baselines and our proposed ReasoNet.
By capturing multi-turn reasoning and learning to stop reading a paragraph, we have achieved the
state-of-the-art results in both CNN and Daily Mail datasets. To further understand the inference
process of the ReasoNet, Figure 2 shows a test example of the CNN dataset. The model initially
focuses on wrong entities with low termination probability. In the second and third steps, the model
focuses on the right clue with higher termination probability. Interestingly, we also find that query
attention focuses on the placeholder token throughout all the steps.
4.2

Graph Reachability Task

Recent analysis and results [3] on the cloze-style machine comprehension tasks have suggested some
simple models without multi-turn reasoning can achieve reasonable performance. Based on these
results, we construct a synthetic structured Graph Reachability dataset3 to evaluate longer range
machine inference and reasoning capability, since we expect ReasoNets have the capability to handle
long range relationships.
We generate two synthetic datasets: a small graph dataset and a large graph dataset. In the small
graph dataset, it contains 500K small graphs, where each graph contains 9 nodes, and 16 direct edges
3

The dataset is available at https://github.com/MSRDL/graph_reachability_dataset
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Table 1: The performance of Reasoning Network on CNN and Daily Mail dataset.
CNN
valid
55.0
61.6
63.4
68.6
72.2
71.3
72.6
73.4
73.0
73.1
72.9

Deep LSTM Reader [6]
Attentive Reader [6]
MemNets [7]
AS Reader [8]
Stanford AR [3]
DER Network [11]
Iterative Attention Reader [18]
EpiReader [22]
GA Reader [5]
AoA Reader [4]
ReasoNet

test
57.0
63.0
66.8
69.5
72.4
72.9
73.3
74.0
73.8
74.4
74.7

Daily Mail
valid
63.3
70.5
75.0
76.9
76.7
77.6

test
62.2
69.0
73.9
75.8
75.7
76.6

Table 2: Reachability statistics of the Graph Reachability dataset.
Small Graph
Reachable Step
Train (%)
Test (%)

No Reach
44.16
45.00

1–3
42.06
41.35

Large Graph

4–6
13.51
13.44

7–9
0.27
0.21

No Reach
49.02
49.27

1–3
25.57
25.46

4–6
21.92
21.74

7–13
3.49
3.53

to randomly connect pairs of nodes. The large graph dataset contains 500K graphs, where each graph
contains 18 nodes, and 32 random direct edges. Duplicated edges are removed. Table 2 shows the
graph reachability statistics on the two datasets.
In Table 3, we show examples of a small graph and a large graph in the synthetic dataset. Both graph
and query are represented by a sequence of symbols. In the experiment, we use a 100-dimensional
embedding vector for each symbol, and bidirectional-LSTM with 128 and 256 cells for query and
graph embedding in the small and the large graph datasets, respectively. The last states of bidirectional−
−
LSTM on query are concatenated to be the initial internal state s1 = [→
q |q| , ←
q 1 ] in the ReasoNet.
Another bidirectional-LSTM on graph description maps each symbol g i to a contextual representation
−
−
given by the concatenation of forward and backward LSTM hidden states mi = [→
g i, ←
g |g|−i+1 ]. The
final answer is either “Yes” or “No” and hence logistical regression is used as the answer module:
at = σ(Wa st + ba ); θa = (Wa , ba ). We apply another logistical regression as the termination gate
module: tt = σ(Wtg st + btg ). The maximum reasoning step Tmax is set to 15 and 25 for the small
graph and large graph dataset, respectively.
We study the effectiveness of the termination gate in ReasoNets. We denote “ReasoNet” as a standard
ReasoNet with termination gate, as described in Section 3.1. If we remove the termination gate, and
just simply use the last state answer action as the final answer, say â = aTmax (Tmax is the maximum
reasoning step), denoted as “ReasoNet-Last”. To study the effectiveness of multi-turn reasoning,
we choose “ReasoNet-Tmax = 2”, which only has single-turn reasoning, as a baseline.
In Table 4, we report the performance of ReasoNet, ReasoNet-Last and ReasoNet-Tmax = 2
models on the Graph Reachability dataset. The ReasoNet-Last model performs well on the small
graph dataset, and it obtains 100% accuracy. However, the ReasoNet-Last model fails to learn on
the large graph dataset, as the task becomes much more challenging. Meanwhile, the ReasoNet
model converges faster than the ReasoNet-Last model. The ReasoNet model converges in 20
epochs in the small graph dataset, and 40 epochs in the large graph dataset, while the ReasoNet-Last
model converges around 40 epochs in the small graph dataset, and 70 epochs in the large graph dataset.
The results suggest that the termination gate variable in the ReasoNet is helpful when training with
sophisticated examples, and makes models converge faster. Both the ReasoNet and ReasoNet-Last
models perform better than the ReasoNet-Tmax = 2 model, which demonstrates the importance of
multi-turn reasoning. To further understand the inference process in ReasoNets, we present two
examples of the graph reachability results in appendix A.
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Table 3: Small and large random graph in the Graph Reachability dataset. Note that “A –> B”
represents an edge connected from A to B and the # symbol is used as a delimiter between different
edges.
Small Graph

Large Graph

Graph Description

0 –> 0 # 0 –> 2 # 1 –> 2 # 2 –> 1 #
3 –> 2 # 3 –> 3 # 3 –> 6 # 3 –> 7 #
4 –> 0 # 4 –> 1 # 4 –> 4 # 5 –> 7 #
6 –> 0 # 6 –> 1 # 7 –> 0 #

0 –> 17 # 1 –> 3 # 1 –> 14 # 1 –> 6 #
2 –> 11 # 2 –> 13 # 2 –> 15 # 3 –> 7#
5 –> 0 # 5 –> 7 # 6 –> 10 # 6 –> 5#
7 –> 15 # 7 –> 7 # 8 –> 11 # 8 –> 7 #
10 –> 9 # 10 –> 6 # 10 –> 7 # 12 –> 1 #
12 –> 12 # 12 –> 6 # 13 –> 11 # 14 –> 17 #
14 –> 14 # 15 –> 10 # 16 –> 2 # 17 –> 4 #
17 -> 7 #

Query
Answer

7 –> 4
No

10 –> 17
Yes

Table 4: The performance of Reasoning Network on the Graph Reachability dataset.
Small Graph

ReasoNet-Tmax = 2
ReasoNet-Last
ReasoNet

5

ROC-AUC
0.9638
1
1

PR-AUC
0.9677
1
1

Large Graph
Accuracy
0.8961
1
1

ROC-AUC
0.8477
0.8836
0.9988

PR-AUC
0.8388
0.8742
0.9989

Accuracy
0.7607
0.7895
0.9821

Conclusion

In this paper, we propose ReasoNets that dynamically decide whether to continue or to terminate the
inference process in machine comprehension tasks. Using reinforcement learning with the proposed
contractive reward, our proposed model achieves the start-of-the-art results in machine comprehension
datasets, including unstructured CNN and Daily Mail datasets, and a proposed structured Graph
Reachability dataset. For future work, ReasoNets can be generalized to other tasks that requires
reasoning capability, such as question answering and knowledge graph inference.
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A

Examples of Graph Reachability Results in ReasoNets

Figures 3 and 4 show test examples of the large graph dataset. In Figure 3, we observe that the
model does not make a firm prediction till step 9. The highest attention word at each step shows
the reasoning process of the model. Interestingly, the model starts from the end node (17), traverses
backward till finding the starting node (10) in step 9, and makes a firm termination prediction. On the
other hand, in Figure 4, the model learns to stop in step 2. In step 1, the model looks for neighbor
nodes (12, 6, 16) to 4 and 9. Then, the model gives up in step 2 and predict “No". All of these
demonstrate the dynamic termination characteristic and potential reasoning capability of ReasoNets.
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Step
Step
2 3

Step
Step
1 2

Step
Step
3 4

Step
1
2
3
4
5
6
7
8
9
10

Step
Step 10

Step 9
Step 10

Step
6, 7, 9
Steps
8

Termination Probability Prediction
1.00E-06
0.172
1.00E-06
0.625
1.00E-06
0.752
1.00E-06
0.202
1.00E-06
0.065
1.00E-06
0.041
2.30E-06
0.137
0.0017
0.136
0.49
0.761
0.99
0.927

Step 4,
Steps 5, 6, 8
5, 7

Figure 3: An example of graph reachability result, given a query “10 –> 17” (Answer: Yes). The red
circles highlight the nodes/edges which have the highest attention in each step. The corresponding termination
probability and prediction results are shown in the table. The model terminates at step 10.

Step 2
Step 1

Step 1

1 -> 16 #3 1 -> 12 # 1 -> 14 # 1 -> 7 # 2 > 17 # 3 -> 1 #2 4 -> 0 # 4 -> 1 #1 4 -> 12 1
# 4 -> 6 #2 6 -> 0 # 6 -> 3 # 6 -> 7 # 8 ->
2 # 8 -> 4 # 8 -> 13 # 8 -> 14 # 9 -> 16
# 10 -> 0 # 10 -> 6 # 11 -> 10 # 11 -> 2
# 12 -> 2 # 13 -> 2 # 13 -> 6 #3 14 -> 2 #
14 -> 7 # 16 -> 13 # 16 -> 14 # 17 -> 0
# 17 -> 13 #
Step 1

Step 1
Step 2

Step
1
2

Step 2

Termination Probability
1.40E-05
0.999

Prediction
4.49E-04
1.40E-05

Figure 4: An example of graph reachability result, given a query “4 –> 9” (Answer: No). The numbers next
to the underline bars indicate the rank of the attention scores. The corresponding termination probability and
prediction results are shown in the table.
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Abstract
In an influential paper, Marcus et al. [1999] claimed that connectionist models
cannot account for human success at learning tasks that involved generalization
of abstract knowledge such as grammatical rules. This claim triggered a heated
debate, centered mostly around variants of the Simple Recurrent Network model
[Elman, 1990]. In our work, we revisit this unresolved debate and analyze the
underlying issues from a different perspective. We argue that, in order to simulate
human-like learning of grammatical rules, a neural network model should not be
used as a tabula rasa, but rather, the initial wiring of the neural connections and
the experience acquired prior to the actual task should be incorporated into the
model. We present two methods that aim to provide such initial state: a manipulation of the initial connections of the network in a cognitively plausible manner
(concretely, by implementing a “delay-line” memory), and a pre-training algorithm
that incrementally challenges the network with novel stimuli. We implement such
techniques in an Echo State Network [Jaeger, 2001], and we show that only when
combining both techniques the ESN is able to learn truly general identity rules.

1

Introduction

One of the crucial aspects of language is that it allows humans to produce and understand an unlimited
number of utterances. This is possible because language is a rule-governed system; for instance, if
we know that the English present participle is formed by appending -ing, then we readily generalize
this pattern to novel verbs. Accounting for how humans learn these abstract patterns, represent them
and apply them to novel instances is the central challenge for cognitive science and linguistics. In
natural languages there is an abundance of such phenomena, and as a result linguistics has been one
of the main battlegrounds for debates between proponents of symbolic and connectionists accounts
of cognition. One of the most heated debates was concerned with accounting for the regular and
irregular forms of the English past tense. Rumelhart and McClelland [1986] proposed a connectionist
model that allegedly accounted for the regular and irregular forms of the past tense. However, this
model was fiercely critized by Steven Pinker and colleagues [Pinker and Prince, 1988, Pinker, 2015],
who held that rules are essential to account for regular forms, while irregular forms are stored in the
lexicon (the ’Words-and-Rules’ theory).
A similar debate emerged with the publication of Marcus et al. [1999], this time centered on
experimental results in Artificial Grammar Learning. The authors showed that 7 month old infants
generalize to novel instances of simple ABA, ABB or AAB patterns after a short familiarization.
Crucially, this outcome could not be reproduced by a Simple Recurrent Network (SRN) [Elman,
1990], a result that was interpreted by the authors as evidence in favour of a symbol-manipulating
system:
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Such networks can simulate knowledge of grammatical rules only by being trained
on all items to which they apply; consequently, such mechanisms cannot account
for how humans generalize rules to new items that do not overlap with the items
that appear in training. [Marcus et al., 1999, p. 79]
This claim triggered many replies, some of which proposed variations of the original model. However,
in this debate the issues of whether neural networks are capable at all of representing general rules,
of whether backpropagation is capable of finding these general rules from an arbitrary initial state
or only from an appropriately chosen initial state are sometimes conflated. The latter issue – what
initial state does a neural network model need to have success in the experiment – has, in our view,
not received enough attention (but see Seidenberg and Elman [1999a], Altmann [2002]). This will be
therefore the focus of this paper, in which we explore two directions. First, we ask which initial values
of the connection weights could encourage generalization while remaining cognitively plausible
(pre-wiring); second, we investigate the role of previous experience in creating an initial state in the
network that would facilitate generalization (pre-training). We employ a prewiring and a pretraining
technique in an Echo State Network (ESN) (Jaeger, 2001), and show that only when combining both
techniques the ESN is able to accurately generalize to novel items.

2
2.1

Background
Empirical Data

Marcus et al. [1999] investigate the generalization abilities of 7 month old infants by conducting three
Artificial Grammar Learning experiments. In their first experiment, the participants are familiarized
to syllable triplets that follow a certain grammar: ABA for a randomly assigned group of infants, and
ABB for the other. The stimuli contain 16 different triplets, each repeated 3 times. Those triplets are
arranged in a 2-min. auditory speech stream, such that syllables are separated by a pause of 250 ms,
and triplets of syllables are separated by 1s.
After the familiarization, the infants participate in a test phase, in which their looking times (to the
speaker device that plays the stimuli) are recorded. The speaker plays a randomized set of triplets
from both grammars, in order to see if infants can discriminate between them. Crucially, the test
triplets contain syllables that were not used in the familiarization stimuli.
The results show a statistically significant difference between mean looking times to consistent
and inconsistent grammars in both group of infants. The authors then conclude that infants can
discriminate among ABA and ABB grammars.
Table 1: Stimuli used in experiment 2 in Marcus et al. [1999].
ABA

ABB

le di le
le je le
le li le
le we le
le di di
le je je
le li li
le we we

Familiarization
wi di wi
ji di ji
de di de
wi je wi
ji je ji
de je de
wi li wi
ji li ji
de li de
wi we wi
ji we ji
de we de
wi di di
ji di di
de di di
wi je je
ji je je
de je je
wi li li
ji li li
de li li
wi we we ji we we de we we
3x triplet (random order)

Test
ba po ba
ko ga ko
ba po po
ko ga ga

This experiment was repeated with a more carefully controlled set of syllables, which we report in
table 1. Infants also exhibit significantly different behavioural responses in this second experiment.
Finally, an additional experiment was performed, in this case using AAB vs. ABB grammars, in
order to determine whether the rule learnt before was simply the presence or absence of an immediate
repetition. Infants also showed significantly different responses in this experiment.
In the light of these results, the authors concluded that: (i) 7 m.o. infants can extract grammar-like
rules, (ii) they can do it not based solely on statistical information (as would be evidenced from the
additional controls in experiment 2, and (iii) the extracted rule is not merely the presence or absence
of an immediate repetition.
2

2.2

Generalization and Neural Networks

Marcus [1998] argues that certain types of generalizations are unattainable for certain types of neural
networks: concretely, those that lie outside the training space. The author defines training space
as the combination of all feature values that network has witnessed during training. If there exist
feature values that have never appeared during training, any item displaying that feature value lies
outside the training space. For neural networks that are trained with the backpropagation algorithm,
generalization to items outside the training space is, according to the author, extremely unlikely to
occur due to what he calls training independence, which stands for the fact that the algorithm updates
the weights of nodes independently of the activations of other nodes in the same layer.
In Marcus et al. [1999], the authors provide empirical evidence in support of this idea, by simulating
the presented experiment in a Simple Recurrent Network (SRN) [Elman, 1990], a neural network
architecture that incorporates an additional context layer that maintains an exact copy of the hidden
layer and presents it to the network in the subsequent timestep, providing the model with memory in
this way. The SRN is trained to predict the next syllable in the familiarization stimuli, and then tested
on its ability to predict the final syllable of test items consistent with the familiarization grammar.
This model failed to produce the correct predictions, confirming the hypothesis of the researchers.
Some following publications proposed to change the encoding of the input (Christiansen and Curtin
[1999], Christiansen et al. [2000], Eimas [1999], Dienes et al. [1999], Altmann and Dienes [1999],
[McClelland and Plaut, 1999]), the task (Seidenberg and Elman [1999a], Seidenberg and Elman
[1999b], the neural network architecture (Shultz [1999], Sirois et al. [2000], Shultz and Bale [2001]),
or – relevant to our work — incorporating some form of pre-training (Seidenberg and Elman [1999a],
Altmann [2002]). Many of these models were subject of criticism by Marcus (Marcus [1999a],Marcus
[1999b],Marcus [1999c],Marcus [1999d]), who argued that the models either involved some form
of symbolic manipulation or did not adequately represent the experiment. About the model of
Altmann [2002], which involves pre-training similar to the regime we explore in section 5, Marcus
[1999e] points out, without giving any details, that, even if the model distinguishes grammatical
from ungrammatical stimuli to some degree, it is unclear whether the model can actually learn the
underlying general rule or discovers some heuristic that weakly correlates with it. In our work, we
employ a neural network architecture that was not previously explored for this task (an Echo State
Network, a type of Reservoir Computing network), and we report additional performance measures
that tell us more about how general the learned rules are.

3

Simulations with a Simple Recurrent Network

Before presenting our simulations with the ESN model, we report our replication of the original
simulations. We implement a Simple Recurrent Network as described in Elman [1990], and we train
it to predict the next syllable in the input. As in Marcus et al., we use distributional encoding of
phonetic features (based on Plunkett and Marchman [1993]). But unlike the original simulations,
we do not encode the pause between triplet as an additional symbol; instead, we do not update the
weights in the network after the last syllable of a triplet is presented.
In order to remain close to the test used in the experiments with infants, we test the network on both
consistent and inconsistent sequences. We take the predicted vector for the third syllable of each
triplet, and we find the closest vector that corresponds to one of the seen syllables (both from training
and from test). We then evaluate whether the accuracy for consistent and inconsistent triplets is
significantly different (for 16 runs of the model, equivalent to the number of infants in the experiment).
The test set used in the original experiments, as can be seen in Table 1, is based solely in two triplet
types of each grammar. For this reason, we also evaluate our model with an extended test set that
contains 5 additional random novel syllables of each type (A and B), consisting therefore of 25 test
triplets.
We try 160 parameter settings for each familiarization grammar, varying the hyperparameters of the
model: the size of the hidden layer, the learning rate and the number of epochs 1 . Figure 1 shows the
proportion of these runs that yield a significant difference in the predictions for the two classes of test
items (those that are consistent with the grammar used in training and those which are not). For the
1

We found that the values of the three hyperparameters had a significant effect on the accuracy of the
predicted syllables in the test.
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responses that are significantly different, we separate those for which the neural network responds
better to the consistent grammar (in white) from those in which the inconsistent grammar is favoured
(in grey).

Sign. Cons.

Familiarized with ABA.

Sign. Incons.

Not Sign.

Extended test.
Familiarized with ABB.
Extended test.
Familiarized with ABA.
Familiarized with ABB.

Figure 1: Proportion of parameter settings that yield significant (white), non-significant (dark grey)
and inconsistently significant (light grey) responses, for simulations with an SRN.
As shown in the graphic, most of the simulations yield non-significant responses between grammars,
in spite of a notable proportion of significant responses in the ABB condition for the extended test,
possibly due to the fact that immediate repetitions are easier to learn2 . We therefore confirm that the
Simple Recurrent Network does not reproduce the empirical findings.

4

Simulations with an Echo State Network

Recurrent Neural Networks, such as the SRN, can be seen as implementing memory: through gradual
changes in synaptic connections, the network learns to exploit temporal regularities for the function
it is trained on. An alternative way to learn time-dependent relations is that offered by Reservoir
Computing (RC) approaches, such as the Liquid State Machine [Maass et al., 2002] and the model
adopted here, the Echo State Network (ESN) [Jaeger, 2001, Frank and Čerňanskỳ, 2008]. In RC
models, the weights in the hidden layer (which is dubbed “reservoir”) remain untrained, but – if
satisfying certain constraints (the so-called “Echo State Property”, which depends on the scaling
of the weights in the reservoir based on the spectral radius parameter) – the dynamics exhibited by
the reservoir “echo” the input sequence: some memory of the input lingers on for some time in the
recurrent connections. In other words, the state of the reservoir depends on the fading history of the
input; after a long enough input, the initial state does not determine the final states of the network.
The formalization of the ESN model is as follows. For an
input u at time t, the activation x of the nodes in the reservoir
is defined as:
x(t) = f (W in · u(t) + W res · x(t − 1))

(1)

where W in are the input weights, W res are the internal
weights of the reservoir, and f is a non-linear function, generally tanh.
The activation of the output is defined as:
y(t) = f out (W out · x(t))

(2)

where W out are the weights that connect the reservoir with
the output nodes, and f out is a function, which might be
Figure 2: The Echo State Network.
different from the function applied to the reservoir; in fact, it often consists on a simple identity
function.
We implement a basic ESN with tanh binary neurons, and we follow the same procedure described
in section 3 to train the network with backpropagation3 . We try 200 parameter settings for each
2
3

This was also observed in the SRN model in Altmann [2002].
We have also run simulations with Ridge Regression, with similar results.
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familiarization grammar, varying the hyperparameters of the model: the number of nodes in the
reservoir, the input scaling, the spectral radius, learning rate and epochs.4 Figure 3 shows the
proportion of these runs that yield a significant difference in the predictions.

Sign. Cons.

Familiarized with ABA.

Sign. Incons.

Not Sign.

Extended test.
Familiarized with ABB.
Extended test.
Familiarized with ABA.
Familiarized with ABB.

Figure 3: Proportion of parameter settings that yield significant (white), non-significant (dark grey)
and inconsistently significant (light grey) responses, for the simulation with the basic ESN.
As can be seen, the results based on the Marcus et al. test set differ greatly from those in our
extended test. This confirms our intuition that the amount of test items is crucial for the evaluation.
For this reason, we base our analysis of the behaviour of the model in the extended test; however,
it is important to notice that the amount of test items could have also played a role in the actual
experiments with infants (see also section 7).
The plots of the extended test condition clearly show an assymetry between the grammars: more
than half of the parameter settings yield significant responses for the ABB, while in the case of ABA,
less than a quarter of the simulations are significant, and most of them are actually favouring the
inconsistent grammar, which is precisely ABB. As mentioned before, the reason for this assymetry is
probably due to the fact that immediate repetitions are easier to learn, since they are less affected
from the decay of the activation function; for now, it suffices to say that the behaviour of the model
towards ABA does not suggest that it could be a potential explanation for the experimental results.

5

Pre-Wiring: Delay Line Memory

In order to succeed in the prediction task, the model must predict a syllable that is identical to one
presented before. In the previous simulations, we relied on the memory that ESNs offer through
the recurrent connections and the Echo Property [Jaeger, 2002]. However, there exist several
computational alternatives that brains may use to implement memory [Chaudhuri and Fiete, 2016].
We now explore one such model of memory: a delay line.

Figure 4: Depiction of five timesteps in the DeLi-ESN. The highlighted nodes show the activations in
the delay line (the activation of the rest of the nodes is not illustrated).
Computationally, a delay line is a mechanism that ensures the preservation of the input by propagating
it in a path (“line”) that implements a delay. In the brain, delay lines have been proposed as part of
the sound localization system [Jeffress, 1948], and they have been identified through intracellular
4

We found that the values of the input scaling and the learning rate had a significant effect on the accuracy of
the predicted syllables in the test.
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recordings in the barn owl brain [Carr and Konishi, 1988]. In a neural network, a delay line is
naturally implemented by organizing a subnetwork of neurons in layers, with “copy connections”
(with weights 1 between corresponding nodes and 0 everywhere else) connecting each layer to the
next. In this way, the information is kept in the network for as many timesteps as dedicated layers in
the network (see figure 4).
We implement a delay line memory in the ESN (creating thus a new model that we call DeLi-ESN)
by imposing this layer structure in the reservoir. We run 1200 combinations of parameter settings
with the DeLi-ESN, including also a parameter that establishes some amount of noise to add to the
weights of the reservoir. In this way, some models contain a less strict delay line; the greater the
noise, the closer the model is to the original ESN.

Sign. Cons.

Familiarized with ABA.

Sign. Incons.

Not Sign.

Extended test.
Familiarized with ABB.
Extended test.
Familiarized with ABA.
Familiarized with ABB.

Figure 5: Proportion of parameter settings that yield significant, non-significant and inconsistently
significant responses in the tests, for the simulation with DeLi-ESN.
The results, illustrated in Figure 5, show an increased number of significant responses (in favour of
the consistent grammar) for the extended test of ABA familiarization: the addition of the delay line
memory indeed helps in the detection of the identity relation. But in spite of the positive effect of
the delay line, we need to ask ourselves to what extent these results are satisfactory. The pie plots
show the likelihood of obtaining the results that Marcus et al. found in their experiments with our
model, and in order to do so, we use the same measure of success (i.e. whether the responses for each
grammar are significantly different). However, the models hardly ever produce the correct prediction5 .
For this reason, in the next section, we adopt a stricter measure of success. We discuss this issue
further in section 7.

6

Pre-Training: Incremental-Novelty Exposure

The infants that participated in the original experiment had surely been exposed to human speech
before the actual experiment; however, in most computational simulations this fact is obviated. We
hypothesize that prior perceptual experience could have triggered a bias for learning abstract solutions:
since the environment is variable, infants may have adapted their induction mechanism to account for
novel instances. We now propose a method to pre-train a neural network that aims to incorporate this
intuition.
In this training regime —which we call Incremental-Novelty Exposure, or INE for short— we
iteratively train and test our model; so for a certain number of iterations i, the model is trained
and tested i times, with the parameters learnt in one iteration being the initial state of the next
iteration. The test remains constant in each of these iterations; however, the training data is slightly
modified from one iteration to the next. The first training set is designed according to the Marcus et
al. stimuli: 4 syllables of type A and 4 syllables of type B are combined according to the pattern
of the familiarization grammar (ABA or ABB). In the second iteration, one syllable of type A
and one of type B are deleted (that is, all the triplets involving those syllables are removed from
the training set), and a new syllable of type A and one of type B are incorporated, such that new
5

We find that the values of the input scaling, learning rate, spectral radius, reservoir size, and reservoir noise
each have a significant effect on the accuracy of the predicted syllables in the test, although exact prediction
accuracy remains low (rarely above 12% for ABA and above 20% for ABB familiarization) even for the best
combination of parameters.
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triplets of the familiarization pattern are generated with the new syllables (combined as well with the
already-present syllables). Therefore, for each training iteration, the model is exposed to a similar
training set as the previous iteration, but there is a small amount of novelty.

Figure 6: Depiction of the Incremental-Novelty Exposure. Barred syllables are removed from the
training set after the training of the corresponding iteration has finished (so they do not remain in the
training set of the next iteration).
We simulate 600 different hyperparameter configurations, varying the reservoir size, noise in the
delay line, input scaling, spectral radius, learning rate, and epochs. Figure 6 illustrates how the mean
accuracy evolves at each stage of the INE procedure of one representative run. As it can be seen
in the graphs, the accuracy is really low in the beginning (corresponding to a simulation without
pre-training) but, with more iterations –and thus with more novel items incorporated in the training
set–, the model becomes better, presumably by finding a more general solution.

Figure 7: Performance over time 100 epochs with incremental novelty exposure, for one representative
run in the ABA familiarization condition (left) and one in the ABB condition (right).
In order to test that these results are robust, we compute the mean over the accuracy for the last
quarter of the tests (in our case, the last 25 tests, corresponding to the rightmost curve in the graph),
for a few runs. The results are fairly similar in each run, as can be seen in figure 8.

Figure 8: Mean accuracy for the tests in the last quarter simulation in the INE simulation, for
DeLi-ESN (left) and basic ESN (right).
Both graphs show that the combination of the DeLi-ESN and the INE drastically boosts the generalization capabilities of the ESN. However, we should identify what is the contribution of the
DeLi-ESN. Figure 8 shows the mean accuracy (again, for the last quarter of the regime), for 16 runs
7

of the basic ESN in the INE regime. The effect of the delay line memory is blatantly clear: when
removed, the accuracy is close to 0 for ABA, and mostly around 20% for ABB.
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Discussion

The Marcus et al. publication conveyed two bold statements: first, that infants spontaneously extract
identity rules from a short familiarization, and second, that neural networks are doomed to fail in
such simple task. Our work suggests that both the initial optimism for the generalization abilities of
infants and the pessimism towards neural networks were overstated.
Our work investigates the initial conditions that a neural network model should implement in order
to account for the experimental results. First, we have proposed that networks should be pre-wired
to incorporate a bias towards memorization of the input, which we have implemented as a delay
line. With such pre-wiring, the model yields a notable proportion of significantly different responses
between grammars. But despite such apparent success, the accuracy of the model in syllable prediction
is very low.
Therefore, even though the successful discrimination between grammars is generally understood as
abstraction of the underlying rule, our results show that significantly different responses can easily be
found in a model that has not perfectly learnt such a rule. The corollary is that the generalization
abilities of infants may have been overestimated; as a matter of fact, null results in similar experiments
also point in that direction (see for instance footnote 1 in Gerken [2006]; also Geambasu&Levelt,
p.c.).
But can neural networks go beyond grammar discrimination and accurately predict the next syllable
according to a generalized rule? Our work shows that this can be achieved when prior experience
is incorporated in the model. We have hypothesized that, from all the information available in the
environment, it is the gradual exposure to novel items what enhances generalization. This particular
hypothesis deviates from related studies in which (i) an SRN was pre-trained to learn the relation of
sameness between syllables [Seidenberg and Elman, 1999a], and (ii) an SRN was pre-trained with
a set of sentences generated from a uniformly sampled vocabulary. Although the data used in our
pre-training is less realistic than that used by Altmann [2002], our evaluation method is more strict
(since we aim to test for accuracy rather than discrimination); for this reason, we first need to evaluate
a model with a more constrained input. The next step in future work should be to explore whether the
same results can be obtained when input data involving gradual novelty is generated from a grammar
unrelated to the actual experiment.
Finally, from the perspective of the symbol vs. associations debate, at some abstract level of
description, the delay line may be interpreted as providing the model with variables (that is, the
dedicated group of nodes that encode the input at a certain time may be seen as a register) and
the symbolic operation of “copy”. It should be noted though that these groups of nodes are not
isolated, and therefore, the learning algorithm needs to discover the structure in order to make use of
it. Furthermore, it is uncontroversial that items are kept in memory for a certain lapse of time, so
this structure is unlikely to constitute the core of the symbolic enterprise. If nevertheless our model
is seen as compatible with the theory of rules-over-variables, our approach would then constitute a
fundamental advancement for the field in providing a unifying model in which both theories can see
their proposals reflected.
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Abstract
Making predictions about what might happen in the future is important for reacting
adequately in many situations. For example, observing that “Man kidnaps girl”
may have the consequence that “Man kills girl”. While this is part of common sense
reasoning for humans, it is not obvious how machines can learn and generalize
over such knowledge automatically. The order of event’s textual occurrence in
documents offers a clue to acquire such knowledge automatically. Here, we
explore another clue, namely, logical and temporal relations of verbs from lexical
resources. We argue that it is possible to generalize to unseen events, by using the
entailment relation between two events expressed as (subject, verb, object) triples.
We formulate our hypotheses of analogy-based reasoning for future prediction, and
propose a memory network that incorporates our hypotheses. Our evaluation for
predicting the next future event shows that the proposed model can be competitive
to (deep) neural networks and rankSVM, while giving interpretable answers.

1

Introduction

Making predictions about what might happen in the future is important for reacting adequately in
many situations. For example, observing that “Man kidnaps girl” may have the consequence that
“Man kills girl”. While this is part of common sense reasoning for humans, it is not obvious how
machines can learn and generalize over such knowledge automatically.
One might think of learning such knowledge from massive amount of text data, such as news corpora.
However, detecting temporal relations between events is still a difficult problem. Temporal order of
events are often presented in different order in text. Although the problem can be partially addressed
by using temporal markers like “afterwards”, particularly with discourse parsers [18], overall, it
remains a challenge.3
In this work, we propose to exploit the distinction between logical relations and temporal relations.
We note that if an entailment relation holds between two events, then the second event is likely to be
∗
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discourse parsers [18].
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not a new future event.4 For example, the phrase “man kissed woman” entails that “man met woman”,
where “man met woman” happens before (not after) “man kissed woman”. To find such entailments,
we can leverage relation of verbs in WordNet [5]. Verbs that tend to be in a temporal (happens-before)
relation have been extracted on a large scale and are openly available in VerbOcean [4]. For example,
we observe (subject, buy, object) tends to be temporally preceding (subject, use, object).
We present a model that can predict future events given a current event triplet (subject, verb, object).
To make the model generalizable to unseen events, we adopt a deep learning structure such that the
semantics of unseen events can be learned through word/event embeddings. We present a novel
Memory Comparison Network (MCN) that can learn to compare and combine the similarity of input
events to the event relations saved in memory. Our evaluation shows that this method is competitive
to other (deep) neural networks and rankSVM [7], while giving interpretable answers.
In the first part of this work, in Section 2, we describe previous work related to future prediction. In
Section 3, we discuss some connections between logical and temporal relations, and explain how we
use lexical resources to create a knowledge base of positive and negative temporal relations. This
knowledge base is then used by our experiments in the second part of our work.
In the second part, in Section 4, we formulate our assumptions of analogy based reasoning for future
prediction. Underlying these assumptions, we propose our new method MCN. In Section 5, we
describe several other methods that were previously proposed for future prediction, and ranking
models that can be easily adapted to this task. In Section 6, we evaluate all methods on a future
prediction task that requires to reason about unseen events. Finally, in Sections 7 and 8, we discuss
some current limitations of our proposed method, and summarize our conclusions.

2

Related work

One line of research, pioneered by VerbOcean [4], extracts happens-before relations from large
collections of texts using bootstrapping methods. In the context of script learning, corpora statistics,
such as event bi-grams, are used to define a probability distribution over next possible future events
[13, 3]. However, such models cannot generalize to situations of new events that have not been
observed before. Therefore, the more recent methods proposed in [11, 15, 6] are based on word
embeddings. Script learning is traditionally evaluated on small prototypical sequences that were
manually created, or on event sequences that were automatically extracted from text. Due to the lack
of training data, these models cannot learn to distinguish the fact that some events later in the text are
actually entailed by events previously mentioned, i.e. already known events and new events are not
distinguished.

3

Exploiting lexical resources

Our main focus is on distinguishing future events from other events. In texts, like news stories, an
event el is more likely to have happened before event er (temporal order), if el occurs earlier in
the text than er (textual order). However, there are also many situations where this is not the case:
re-phrasing, introducing background knowledge, conclusions, etc. One obvious solution are discourse
parsers. However, without explicit temporal markers, they suffer from low recall [18], and therefore
in practice most script-learning systems use textual order as a proxy for temporal order. Here we
explore whether common knowledge can help to improve future detection from event sequences in
textual order.
We assume common knowledge is given in the form of simple relations (or rules) like
(company, buy, share) → (company, use, share) ,
where “→” denotes the temporal happens-before relation. In contrast, we denote the logical entailment
(implication) relation by “⇒”.
To extract such common knowledge rules we explore the use of the lexical resources WordNet and
VerbOcean. As also partly mentioned in [5], logical and temporal relations are not independent, but
4

We consider here entailment and (logical) implication as equivalent. In particular, synonyms are considered
to be in an entailment relation, as in contrast to the classification by WordNet.
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Table 1: Examples of several temporal and logical relations (relation types are shown in numbers
relating to Figure 1).
Examples
(1) “minister leaves factory”, “minister enters factory”
(2) “company donates money”, “company gives money”
(3) “John starts marathon” , “John finishes marathon”
(4) “governor kisses girlfriend”, “governor meets girlfriend”
(5) “people buy apple”, “people use apple”
(6) “minister likes criticism”, “minister hates criticism”
(7) “X’s share falls 10%”, “X’s share rises 10%”

(4)

Happensafter

Entailment

(2)

(1)
Contradiction

(6)

(7)

(3)

Happensbefore

(5)

Figure 1: Illustration of logical (entailment, contradiction) and temporal (happens-before, happensafter) relation types. Examples are shown in Table 1.
an interesting overlap exists as illustrated in Figure 1, and corresponding examples shown in Table 1.
We emphasis that, for temporal relations, the situation is not always as clear cut as shown in Figure 1
(e.g. repeated actions). Nevertheless, there is a tendency of event relations belonging mostly only to
one relation. In particular, in the following, we consider “wrong” happens-before relations, as less
likely to be true than “correct” happens-before relations.
3.1

Data creation

For simplicity, we restrict our investigation here to events of the form (subject, verb, object). All events
are extracted from around 790k news articles in Reuters [9]. We preprocessed the English Reuters
articles using the Stanford dependency parser and co-reference resolution [10]. We lemmatized all
words, and for subjects and objects we considered only the head words, and ignored words like
WH-pronouns.
All relations are defined between two events of the form (S, Vl , O) and (S, Vr , O), where subject S
and object O are the same. As candidates we consider only events in sequence (occurrence in text).
Positive Samples We extract positive samples of the form (S, Vl , O) → (S, Vrpos , O), if
1. Vl → Vrpos is listed in VerbOcean as happens-before relation.
2. ¬[Vl ⇒ Vrpos ] according to WordNet. That means, for example, if (S, Vr , O) is paraphrasing
(S, Vl , O), then this is not considered as a temporal relation.
This way, we were able to extract 1699 positive samples. Examples are shown in Table 2.
Negative Samples Using VerbOcean, we extracted negative samples of the form (S, Vl , O) 9
(S, Vrneg , O), i.e. the event on the left hand (S, Vl , O) is the same as for a positive sample.5 This way,
we extracted 1177 negative samples.
5

If (S, Vl , O) 9 (S, Vrneg , O), then Vl → Vrneg is not listed in VerbOcean.

3

Table 2: Examples of happens-before relations extracted from news articles.
Examples
(company, buy, share) → (company, use, share)
(ex-husband, stalk, her) → (ex-husband, kill, her)
(farmer, plant, acre) → (farmer, harvest, acre)

There are several reasons for a relation not being in a temporal relation. Using VerbOcean and
WordNet we analyzed the negative samples, and found that the majority (1030 relations) could not be
classified with either VerbOcean or WordNet. We estimated conservatively that around 27% of these
relations are false negatives: for a sub-set of 100 relations, we labeled a sample as a false negative, if
it can have an interpretation as a happens-before relation.6
To simplify the task, we created a balanced data set, by pairing all positive and negative samples: each
sample pair contains one positive and one negative sample, and the task is to find that the positive
sample is more likely to be a happens-before relation than a negative sample. The resulting data set
contains in total 1765 pairs.

4

Analogy-based reasoning for happens-before relation scoring

In the following, let r be a happens-before relation of the form:
r : el → er ,
where el and er are two events of the form (S, Vl , O) and (S, Vr , O), respectively. Furthermore, let
e0 be any event of the form (S 0 , V 0 , O0 ).
Our working hypotheses consists of the following two claims:
(I) If (e0 ⇒ el ) ∧ (el → er ), then e0 → er .
(II) If (e0 ⇒ er ) ∧ (el → er ), then el → e0 .
For example, consider
“John buys computer” ⇒ “John acquires computer” ,
“John acquires computer” → “John uses computer” .
Using (I), we can reason that:
“John buys computer” → “John uses computer” .
We note that, in some cases, “ ⇒00 in (I) and (II) cannot be replace by “ ⇐00 . This is illustrated by
the following example:
“John knows Sara” ⇐ “John marries Sara” ,
“John marries Sara” → “John divorces from Sara” .
However, the next statement is considered wrong (or less likely to be true):
“John knows Sara” → “John divorces from Sara” .
In practice, using word embeddings, it can be difficult to distinguish between “ ⇒00 and “ ⇐00 .
Therefore, our proposed method uses the following simplified assumptions:
(I∗ ) If (e0 ∼ el ) ∧ (el → er ), then e0 → er .
(II∗ ) If (e0 ∼ er ) ∧ (el → er ), then el → e0 .
where ∼ denotes some similarity that can be measured by means of word embeddings.
6

Therefore, this over-estimates the number of false negatives. This is because it also counts a happens-before
relation that is less likely than a happens-after relation as a false negative.

4

4.1

Memory Comparison Network

We propose a memory-based network model that uses the assumptions (I∗ ) and (II∗ ). It bases its
decision on one (or more) training samples that are similar to a test sample. In contrast to other
methods like neural networks for script learning, and (non-linear) SVM ranking models, it has
the advantage of giving an explanation of why a relation is considered (or not considered) as a
happens-before relation.
In the following, let r1 and r2 be two happens-before relations of the form:
r1 : (S1 , Vl1 , O1 ) → (S1 , Vr1 , O1 ) ,
r2 : (S2 , Vl2 , O2 ) → (S2 , Vr2 , O2 ) .
Let xsi , xvli , xvri and xoi ∈ Rd denote the word embeddings corresponding to Si , Vli , Vri and Oi .7
We define the similarity between two relations r1 and r2 as:
simθ (r1 , r2 ) = gθ (xTvl xvl2 ) + gθ (xTvr1 xvr2 ) ,
1

(1)

where gθ is an artificial neuron with θ = {σ, β}, a scale σ ∈ R, and a bias β ∈ R parameter, followed
by a non-linearity. We use as non-linearity the sigmoid function. Furthermore, here we assume that
all word embeddings are l2-normalized.
Given the input relation r : el → er , we test whether the relation is correct or wrong as follows. Let
npos and nneg denote the number of positive and negative training samples, respectively. First, we
compare to all positive and negative training relations in the training data set, and denote the resulting
vectors as upos ∈ Rnpos and uneg ∈ Rnneg , respectively. That is formally
upos
= simθ (r, rtpos ) and uneg
= simθ (r, rtneg ) ,
t
t
where rtpos and rtneg denotes the t-th positive/negative training sample.
Next, we define the score that r is correct/wrong as the weighted average of the relation similarities:
opos = softmaxγ (upos )T upos and oneg = softmaxγ (uneg )T uneg

(2)

where softmaxγ (u) returns a column vector with the t-th output defined as
eγut
softmaxγ (u)t = P γui ,
ie
and γ ∈ R is a weighting parameter. Note that for γ → ∞, softmaxγ (u) = max(u), and for γ = 0,
o is the average of u.
Finally, we define the happens-before score for r as
l(el , er ) = opos (el , er ) − oneg (el , er ) .

(3)

The score l(el , er ) can be considered as an unnormalized log probability that relation r is a happensbefore relation. The basic components of the network are illustrated in Figure 2.
For optimizing the parameters of our model we minimize the rank margin loss:
neg
L(rpos , rneg ) = max{0, 1 − l(el , epos
r ) + l(el , er ))} ,
pos

epos
r

neg

(4)

eneg
r

where r
: el →
and r
: el →
are positive and negative samples from the held-out
training data. All parameters of the models are trained using stochastic gradient descent (SGD). Word
embeddings (xs , xv , and xo ) are kept fixed during training.
Our model can be interpreted as an instance of the Memory Networks proposed in [17]. Using
the notation from [17], I(·) corresponds to the word embedding lookup, G(·) saves all training
samples into the memory, the O(·) function corresponds to (opos , oneg ), and the output of R(·) equals
Equation (3).
Our model also has similarity to the memory-based reasoning system proposed in [16], with two
differences. First, we use here a trainable similarity measure, see Equation (1), rather than a fixed
distance measure. Second, we use the trainable softmaxγ rather than max.
Remark about our notation: we use bold fonts, like v to denote a column vector; vT to denote the transpose,
and vt to denote the t-th dimension of v.
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Temporal
Relation Score

Similarities
To Positive
Relations
𝑠𝑜𝑓𝑡𝑚𝑎𝑥𝛾
𝒖𝑝𝑜𝑠

Score
Difference

𝑠𝑜𝑓𝑡𝑚𝑎𝑥𝛾

Similarities
To Negative
Relations
𝒖𝑛𝑒𝑔

“John starts marathon”
“John finishes marathon”
“John starts marathon”
Weighted
Average
𝑜 𝑛𝑒𝑔

Weighted
Average
𝑜 𝑝𝑜𝑠

Relation Similarity

“John attends marathon”
Relation Similarity

𝑠𝑖𝑚𝜽
𝑠𝑖𝑚𝜽

Input:
“Sara starts Tokyo-Marathon”
“Sara withdraws from Tokyo-Marathon”

Figure 2: Illustration of proposed model.

5

Alternative ranking models

We also investigate several other models that can be applied for ranking temporal relations. All
models that we consider are based on word embeddings in order to be able to generalize to unseen
events.
Our first model is based on the bilinear model proposed in [1] for document retrieval, with scoring
function l(el , er ) = zTl M zr , where zl and zr are the concatenated word embeddings xs , xvl , xo and
xs , xvr , xo , respectively, and parameter matrix M ∈ R3d×3d . We denote this model as Bai2009.
We also test three neural network architecture that were proposed in different contexts. The model
in [2], originally proposed for semantic parsing, is a three layer network that can learn non-linear
combinations of (subject, verb) and (verb, object) pairs. The non-linearity is achieved by the
Hadamard product of the hidden layers. The original network can handle only events (relations
between verb and objects, but not relations between events). We recursively extend the model to
handle relations between events. We denote the model as Bordes2012.
In the context of script learning, recently two neural networks have been proposed for detecting
happens-before relations. The model proposed in [11] (here denoted Modi2014) learns event embeddings parameterized with verb and context (subject or object) dependent embedding matrices.
The event embeddings are then mapped to a score that indicates temporal time. To score a relation
between events, we use the dot-product between the two events’ embeddings.8 The model in [6]
suggests a deeper architecture than [11]. Their model (denoted here Granroth2016) uses additionally
two non-linear layers for combining the left and right events. All neural networks and the Bai2009
model were trained in the same way as the proposed method, i.e. optimized with respect to rank
margin loss using Equation (4).9 For all methods, we kept the word embeddings fixed (i.e. no
training), since this improved performance in general.
Our final two models use the rankSVM Algorithm proposed in [7] with the implementation from
[8]. We tested both a linear and a rbf-kernel with the hyper-parameters optimized via grid-search. To
represent a sample, we concatenate the embeddings of all words in the relation.

6

Experiments

We split the data set into training (around 50%), validation (around 25%), and testing (around 25%)
set. Due to the relatively small size of the data we repeated each experiment 10 times for different
random splits (training/validation/test).
8
We also tried two variations: left and right events with different and same parameterization. However, the
results did not change significantly.
9
Originally, the model in [6] was optimized with respect to negative log-likelihood, however in our setting
we found that rank-margin loss performed better.
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Table 3: Mean accuracy and standard deviation (in brackets) of all methods for 10 random splits of
training/validation/test.
Method

Test Data

Validation Data

Human estimate
Memory Comparison Network (softmaxγ , trained)
Granroth2016
Modi201410
Bordes2012
Bai2009
rankSVM (rbf)
rankSVM (linear)
Random Baseline

76.7%
61.4 (11.5)
60.9 (5.3)
57.5 (7.8)
58.3 (7.8)
58.9 (7.4)
60.8 (6.1)
59.1 (9.4)
50%

76.7%
75.2 (7.6)
72.7 (7.0)
74.9 (6.6)
74.9 (5.5)
72.7 (7.1)
74.4 (6.7)
74.9 (6.5)
50%

Memory Comparison Network (softmaxγ , trained)
Memory Comparison Network (softmaxγ , initial parameters)
Memory Comparison Network (max, trained)
Memory Comparison Network (max, no parameters)
Memory Comparison Network (average, no parameters)

61.4 (11.5)
60.7 (5.9)
60.5 (6.2)
60.1 (5.8)
60.1 (5.9)

75.2 (7.6)
69.0 (9.7)
67.7 (9.7)
65.1 (10.9)
66.5 (8.7)

For the bilinear model and all neural networks, we performed up to 2000 epochs, and used early
stopping with respect to the validation set. Some models were quite sensitive to the choice of the
learning rates, so we tested 0.00001, 0.0001, and 0.001, and report the best results on the validation
set.
For our proposed method, we set the learning rate constant to 0.001. Furthermore, we note that our
proposed method requires two types of training data, one type of training data that is in memory, the
other type that is used for learning the parameters. For the former and latter we used the training and
validation fold, respectively. As initial parameters for this non-convex optimization problem we set
σ = 1.0, β = −0.5, γ = 5.0, that were selected via the validation set.
For testing, we consider the challenging scenario, where the left event of the sample contains a verb
that is not contained in the training set (and also not in the validation set).
We report accuracy, when asking the question: given observation (S, Vl , O), is (S, Vrpos , O) more
likely to be a future event than (S, Vrneg , O)?
We used the 50 dimensional word embeddings from GloVe tool [12] trained on Wikipedia + Gigaword
5 provided by the authors (GloVe)11 .
The results of our method and previously proposed methods are shown in Table 3, upper half. By
using the false-negative estimate from Section 3.1, we also calculated an estimate of the human
performance on this task.12
The results suggest that our proposed model provides good generalization performance that is at par
with the neural network recently proposed in [6] (Granroth2016), and SVM ranking with RBF-kernel.
The results support our claim that the happens-before relation can be detected by analogy-based
reasoning.
6.1

Analysis

We also compared to four variations of our proposed method. The results are shown in Table 3, lower
half.
The first two variations use as similarity measure the addition of the word embeddings’ inner products,
i.e. gθ in Equation (1) is the identity function, and have no trainable parameters. The variation
denoted by “Memory Comparison Network (max, no parameters)”, is a kind of nearest neighbour
ranking, that uses the max function instead of softmaxγ . The second variation, denoted by “Memory
http://nlp.stanford.edu/projects/glove/
We assume that distinguishing a false-negative from a true-positive is not possible (i.e. a human needs to
guess), and that all guesses are wrong.
11
12
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Table 4: Four examples with input relations, output scores and evidences by our proposed method.
input relation: (index,climb,percent) → (index,slide,percent)
opos :

0.745

supporting evidence:

(rate,rise,percent) → (rate,tumble,percent)

neg

0.697

supporting evidence:

(index,finish,point) 9 (index,slide,point)

o

:

input relation: (parliament,discuss,budget) → (parliament,adopt,budget)
opos :

0.412

supporting evidence:

(refiner,introduce,system) → (refiner,adopt,system)

neg

0.352

supporting evidence:

(union,call,strike) 9 (union,propose,strike)

o

:

input relation: (price,gain,cent) 9 (price,strengthen,cent)
opos :

0.542

supporting evidence:

(investment,build,plant) → (investment,expand,plant)

neg

0.753

supporting evidence:

(dollar,rise,yen) 9 (dollar,strengthen,yen)

o

:

input relation: (farmer,plant,acre) 9 (farmer,seed,acre)
opos :

0.136

supporting evidence:

(refinery,produce,tonne) → (refinery,process,tonne)

neg

0.145

supporting evidence:

(refinery,produce,tonne) 9 (refinery,receive,tonne)

o

:

Comparison Network (average, no parameters)”, uses for opos and oneg , in Equations (2), the average
of upos and uneg , respectively. The performance of both variations is below our proposed method.
Furthermore, we compared to an alternative model, where the softmaxγ is replaced by the max
function, marked by “(max, trained)” in Table 3, lower half. Also, we compared to our proposed
model, but without learning parameters, i.e. the parameters are set to the initial parameters, marked
by “(softmaxγ , initial parameters)” in Table 3, lower half. We can see that the choice of softmaxγ ,
over max, improves performance, and that the training of all parameters with SGD is effective (in
particular, see improvement on validation data).
Since our model uses analogy-based reasoning, we can easily identify ”supporting evidence” for the
output of our system. Four examples are shown in Table 4. Here, “supporting evidence” denotes the
training sample with the highest similarity simθ to the input. In the first and second example, the
input is a happens-before relation, in the third and fourth example, the input is not a happens-before
relation.13

7

Discussion

Our current method does not model the interaction between subject, object and verb. However,
temporal relations can also crucially depend on subject and object. As an example, in our data set
(see Table 2), we have the happens-before relation (company, buy, share) → (company, use, share).
Clearly, if we replace the subject by “kid” and the object by “ice-cream”, the happens-before relation
becomes wrong, or much less likely. In particular, (kid, buy, ice-cream) → (kid, use, ice-cream) is
much less likely than, for example, (kid, buy, ice-cream) → (kid, eat, ice-cream).14
Here, we compared two temporal rules r1 and r2 and asked which one is more likely, by ranking
them. However, reasoning in terms of probabilities of future events, would allow us to integrate our
predictions into a probabilistic reasoning framework like MLN [14].

8

Conclusions

We investigated how common knowledge, provided by lexical resources, can be generalized and used
to predict future events. In particular, we proposed a memory network that can learn how to compare
and combine the similarity of the input events to event relations saved in memory. This way our
proposed method can generalize to unseen events and also provide evidence for its reasoning. Our
experiments suggest that our method is competitive to other (deep) neural networks and rankSVM.
13
14

Since we considered only the head, a unit like “percent” means “x percent”, where x is some number.
Partly, this could be addressed by considering also the selectional preference of verbs like “eat” and “use”.
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Abstract
We introduce a new class of models called multiresolution recurrent neural networks, which explicitly model natural language generation at two levels of abstraction: a sequence of high-level coarse tokens (coarse sequences), and a sequence
of natural language words (e.g. sentences). The models follow a hierarchical
generation process. First, the coarse sequence is generated through an inference
mechanism parametrized by a recurrent neural network. Then, the natural language sequence is generated through a recurrent neural network language model.
In our experiments, we extract coarse sequences from raw text using syntactic
parsers, which are designed to capture compositional structure and semantics. This
enables training both recurrent neural networks using log-likelihood. We apply
the multiresolution recurrent neural networks to dialogue response generation in
the technical support domain and compare them with several competing models.
The multiresolution recurrent neural networks outperform competing models by
a substantial margin, achieving state-of-the-art results according to both a human
evaluation study and automatic evaluation metrics. Furthermore, experiments show
the proposed models generate more fluent, relevant and goal-oriented responses.

Introduction
Recurrent neural networks (RNNs) have recently shown excellent performance on tasks such as
language modelling (Graves, 2012; Mikolov et al., 2010), machine translation (Sutskever et al., 2014;
Cho et al., 2014) and speech recognition (Hinton et al., 2012). Inspired by these advances, researchers
have started to investigate such models for dialogue applications (Ritter et al., 2011; Lowe et al.,
2015; Sordoni et al., 2015b; Shang et al., 2015; Li et al., 2016; Bordes and Weston, 2016; Serban
et al., 2016a). In particular, researchers have proposed sequence-to-sequence (Seq2Seq) models for
dialogue response generation. In this task, the model must generate an appropriate response given a
dialogue context (history). Although this framework differs from the well-established goal-oriented

Figure 1: Example dialogue with coarse sequences. Arrows indicate turn change in the dialogue.

setting (Gorin et al., 1997; Young, 2000; Singh et al., 2002), these models have been applied to
several real-world applications. One example is Microsoft’s system Xiaolic, which now interacts with
millions of users every day (Markoff and Mozur, 2015). Another example is Google’s Smart Reply
system (Kannan et al., 2016). However, in spite of recent advances, current models cannot effectively
incorporate dialogue context and generate meaningful, diverse on-topic responses (Li et al., 2016).
To overcome these problems, we construct probabilistic models to represent and reason at several
levels of abstraction. Explicitly representing multiple levels of abstraction should make it easier for
models to remember and reason over long-term context, and to generate appropriate responses with
compositional structure. For example, for technical support, this should help the models identify the
user’s problem and generate responses with appropriate, and even complex, technical instructions.
Specifically, we propose a new class of models – called multiresolution recurrent neural networks
(MrRNNs) – that operate on two parallel sequences: a sequence of high-level coarse tokens (coarse
sequences), and a sequence of low-level natural language words (utterances). The coarse sequences
are abstract symbolic representations of the utterances — analogous to the logical form of a sentence
— and follow a stochastic process generated through an inference model. The inference model is
parametrized by a recurrent neural network. The coarse sequences condition the natural language
model through a hierarchical generation process. Given a dialogue context, the inference model first
generates the next coarse sequence and then the natural language model uses the coarse sequence
to generate the natural language response. This generation process adds high-level, compositional
structure to the model, which helps generate meaningful and on-topic responses. In our experiments,
the coarse sequences are defined either as noun sequences or activity-entity pairs (predicate-argument
pairs) extracted by syntactic natural language parsers (see Figure 1). The syntactic parsing allows
training MrRNNs using the joint log-likelihood over all observed sequences. We apply MrRNNs
to dialogue response generation in the Ubuntu technical support domain, and compare them with
recently proposed models. MrRNNs outperform competing approaches by a substantial margin
according to both a human evaluation study and automatic evaluation metrics achieving a new stateof-the-art result. The results indicate MrRNNs hold significant potential for goal-oriented dialogue
applications, as well as other applications involving natural language generation.

Model Architecture
Recurrent Neural Network Language Model
We first introduce the well-established recurrent neural network language model (RNNLM) (Mikolov
et al., 2010; Bengio et al., 2003). Let w1 , . . . , wN be a sequence of discrete variables, such as words
in a document, called tokens where wn ∈ V for set (vocabulary) V w . The RNNLM is a probabilistic
generative model, with parameters θ, which decomposes the probability over tokens:

Pθ (w1 , . . . , wN ) =

N
Y

Pθ (wn |w1 , . . . , wn−1 ).

n=1

2

(1)

where the output distribution uses a softmax RNN:
exp(g(hn , v))
,
0
v 0 ∈V exp(g(hn , v ))

Pθ (wn+1 = v|w1 , . . . , wn ) = P

(2)

hn = f (hn−1 , wn ), g(hn , v) = OvT hn ∀v ∈ V,

(3)

where f is the hidden state update function. We will assume it is either the LSTM or GRU gating unit
(Hochreiter and Schmidhuber, 1997; Cho et al., 2014).1 The gating units may also be bidirectional.
The matrix I ∈ Rdh ×|V | is the input word embedding matrix, where row i contains the embedding for
word index i and dh ∈ N is the word embedding dimensionality. Similarly, the matrix O ∈ Rdh ×|V |
is the output word embedding matrix. According to the model, the probability of observing a
token w at position n + 1 increases if the context vector hn has a higher dot-product with the word
embedding corresponding to token w. The model parameters are usually learned by maximizing the
log-likelihood (equivalent to minimizing the cross-entropy) on the training set using gradient descent.
Hierarchical Recurrent Encoder-Decoder
Our work builds upon the hierarchical recurrent encoder-decoder model (HRED) (Sordoni et al.,
2015a), which was previously proposed for dialogue (Serban et al., 2016a). HRED decomposes a
dialogue into a two-level hierarchy: a sequence of utterances, each of which is a sequence of words.
Let w1 , . . . , wN be a sequence of utterances with length N , where wn = (wn,1 , . . . , wn,Kn ) is
the n’th utterance consisting of Kn discrete tokens from vocabulary V w . HRED decomposes the
probability distribution into two products:
Pθ (w1 , . . . , wN ) =

N
Y

Pθ (wn |w<n ) =

n=1

Kn
N Y
Y

Pθ (wn,m |wn,<m , w<n ).

(4)

n=1 m=1

This decomposition allows HRED to capture the hierarchical structure in natural language sequences,
such as dialogue. HRED processes the utterances in three layers. First, each utterance sequence is
encoded into a real-valued vector by an encoder RNN:
hen,0 = 0, hen,m = fθe (hen,m−1 , wn,m ) ∀m = 1, . . . , Kn ,
where fθe is the encoder RNN gating function. The last hidden state hen,Kn summarizes the n’th
utterance and is given to the higher-level context RNN:
hc0 = 0, hcn = fθc (hcn−1 , hen,Kn )
where fθc is the context RNN gating function taking two vectors as input. The context RNN acts
like a memory module which remembers things over long time spans. Thus, the hidden state hcn−1
summarizes the dialogue up to the (n − 1)’th utterance. This is given to the decoder RNN:
hdn,0 = 0, hdn,m = fθd (hdn,m−1 , hcn−1 , wn,m ) ∀m = 1, . . . , Kn ,
where fθd is the LSTM gating function for the decoder RNN, which takes as input three vectors. The
hidden state hdn,m is transformed through a one-layer neural network yielding the output vector hon,m .
Finally, the output distribution is given by eq. (2) where hn is replaced by hon,m .
Multiresolution RNN (MrRNN)
We now introduce the multiresolution recurrent neural network (MrRNN). As before, let w1 , . . . , wN
be a sequence of utterances of length N . Let z1 , . . . , zN be the corresponding sequence of (high-level)
coarse constituent sequences, also of length N , where zn = (zn,1 , . . . , zn,Ln ) is the n’th constituent
sequence consisting of Ln discrete tokens from vocabulary V z . For example, each coarse sequence
zn could represent the nouns of the corresponding utterance wn . The coarse sequence zn could
also represent a symbolic abstraction of the corresponding utterance wn , such as the activity-entity
pairs (predicate-argument pairs) discussed later (see Figure 1). The key assumption is that the coarse
representations can be represented in a sequential structure.
The MrRNN is parametrized as a joint probabilistic model over the sequences w1 , . . . , wN and
z1 , . . . , zN . The MrRNN generates the n’th coarse sequence zn by conditioning on the previous
1

For the LSTM gating unit, we consider the hidden state hm to be the input cell and memory cell concatenated.
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coarse sequences z1 , . . . , zn−1 . Then, the model generates the n’th utterance wn by conditioning on
the previous utterances w1 , . . . , wn−1 and on the coarse sequences z1 , . . . , zn . Formally:
Pθ (w1 , . . . , wN , z1 , . . . , zN ) =

N
Y

Pθ (zn |z<n )Pθ (wn |w<n , z<n , zn ),

(5)

n=1

where the conditional distributions decompose as:
Pθ (zn |z<n ) =

Ln
Y

Pθ (zn,m |zn,<m , z<n )

(6)

m=1

Pθ (wn |w<n , z<n , zn ) =

Kn
Y

Pθ (wn,m |wn,<m , w<n , z<n , zn )

(7)

m=1

The model differs from existing RNNLM models and Seq2Seq models, because it assigns probabilities
to coarse sequence trajectories which condition the natural language utterances. We call the probability
Pθ (zn |z<n ) for the inference model. Given the previous coarse sequences — such as the previous
nouns in a dialogue or previous activity-entity pairs described later — the inference model is tasked
with finding the most likely next coarse sequence trajectory. For example for technical support, if
the noun firefox was observed in one coarse sequence, the inference model should assign a high
probability to related nouns, such as mozilla and browser. Once the inference model has learned this,
the model will be able to respond to a question like ”How do I install firefox?” with an answer like
”You can download firefox from the mozilla website.”. Thus, the inference model is responsible for
making the discrete high-level decisions (inference) about what to generate in natural language. The
inference model computes the conditional distribution Pθ (zn |z>n ) as an HRED model, where the
outputs are coarse sequences instead of natural language utterances.
The natural language model computes Pθ (wn |w<n , z<n , zn ) as an HRED model applied to the
utterances w1 , . . . , wN , but further conditioned on z1 , . . . , zN . It uses a GRU-gated coarse prediction
encoder RNN, which encodes the coarse tokens z1 , . . . , zn :
hp0,0 = 0, hpn,0 = hpn−1,Ln−1
hpn,m = fθp (hpn,m−1 , zn,m ) ∀m = 1, . . . , Ln ,
where fθp is the gating function. All the coarse sequences up to the (n − 1)’th utterance is encoded in
the vector hpn−1,Ln−1 . This encoding is different from the context RNN inside the inference model,
because its task is to generate the next natural language utterance instead of the next coarse sequence.
For this reason, the coarse prediction encoder RNN has separate word embedding parameters. The
hidden state hpn−1,Ln−1 is given as input to the natural language decoder RNN – together with the
hidden state of the natural language context RNN. As before, the output distribution over natural
language words is given by eq. (2).
For training, a syntactic parser (described later) is used to extract the coarse sequences z1 , . . . , zN .
This allows training all the model parameters w.r.t. the joint log-likelihood over both coarse sequences
and natural language utterances. At test time, the model is given a dialogue context (dialogue history)
and must generate an appropriate response. First, the coarse sequences corresponding to the context
are extracted using the syntactic parser. Then, the inference model is executed to predict the most
likely next coarse sequence using beam search. Next, the predicted coarse sequence is encoded by
the coarse prediction encoder RNN. Finally, the natural language model generates the response using
beam search based on the dialogue context and on the encoding of the predicted coarse sequence.

Experiments
We experiment on the task of response generation for dialogue. Given a dialogue context consisting
of one or more utterances, the model must generate the next response in that dialogue. The specific
task we consider is technical support for the Ubuntu operating system; the data we use is the Ubuntu
Dialogue Corpus developed by (Lowe et al., 2015). The corpus consists of about half a million
natural language dialogues extracted from the #Ubuntu Internet Relayed Chat (IRC) channel. Users
entering this chat channel usually have a specific technical problem. Typically, users first describe
their problem, following which other users try to help them resolve it. The technical problems range
from software-related issues (e.g. installing or upgrading existing software) and hardware-related
issues (e.g. fixing broken drivers), to informational needs (e.g. finding software).
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Coarse Sequence Representations
We develop two syntactic parsers for extracting the coarse sequences. The first is broadly applicable
to a variety of dialogue tasks, and the second is specific to Ubuntu. The syntactic parsers are applied
separately for each utterance in a dialogue. Figure 1 gives an example of extracted representations.
Noun Representation This parser is motivated by the observation that dialogues are topic-driven
and that these topics may be characterized by nouns. The parser requires a part-of-speech tagger
to identify the nouns in the dialogue and uses a set of 84 predefined stop words. It maps a natural
language utterance to its corresponding coarse representation by extracting all the nouns using the
part-of-speech tagger, and then removing all stop words and repeated words (keeping only the first
occurrence of a given word). Utterances without nouns are assigned the ”no nouns” token. Finally,
the parser adds the tense of each utterance to the beginning of the coarse sequence.
Activity-Entity Representation This parser is motivated by the observation that most dialogues are
centered around activities and entities. For example, users frequently state a specific problem they
want to resolve, e.g. ‘how do I install program X?’ or ‘My driver X doesn’t work, how do I fix it?’ In
response to such questions, other users often respond with specific instructions, e.g. ‘Go to website X
to download software Y’ or ‘Try to execute command X’. Thus, the principal information resides in
the technical entities (e.g. X, Y) and in the verbs (e.g. execute, download). MrRNN should therefore
be able to perform inference in the space of activities and entities. To extract these activities and
entities, the parser uses a set of 192 activities (verbs) created by manual inspection, and a set of 3115
technical entities and 230 frequent terminal commands scraped from the web. The parser extracts the
verbs and nouns from each natural language utterance, and maps them to the activity set and technical
entity set. If an utterance does not contain any activity, the ”none activity” token is assigned. The
parser also appends a binary variable to the end of the coarse representation indicating if a terminal
command was detected in the utterance. Finally, the parser adds the tense of each utterance to the
beginning of the coarse sequence.
Models
We implement all models in Theano. We train all models w.r.t. the log-likelihood or joint loglikelihood on the training set using Adam (Kingma and Ba, 2015). The models are trained using early
stopping with patience based on the validation set log-likelihood. We choose model hyperparameters –
such as the number of hidden units, word embedding dimensionality, and learning rate – based on the
validation set log-likelihood. We use gradient clipping to stop the parameters from exploding (Pascanu
et al., 2012). We define the 20,000 most frequent words as the vocabulary, and map all other words to
a special unknown token. Based on several experiments, we fix the word embedding dimensionality
to size 300 for all models. We use a beam search of size 5 for generating the model responses.
Baseline Models We compare our models to several competing models proposed previously in the
literature. The first baseline is the standard RNNLM with LSTM gating function (Mikolov et al.,
2010) (LSTM). This model is identical to the Seq2Seq LSTM model (Sutskever et al., 2014), when
the Seq2Seq LSTM model is trained to generate every utterance conditioned on all past utterances.
The second baseline is HRED with LSTM gating function for the decoder RNN; and GRU gating
function for the encoder RNN and context RNN. This model was developed specifically for dialogue
response generation (Serban et al., 2016a). The RNNLM model has 2000 hidden units with the LSTM
gating function. The HRED model has 500, 1000, and 500 hidden units respectively for the encoder
RNN, context RNN, and decoder RNN. The encoder RNN is bidirectional. The third baseline is
the latent variable hierarchical recurrent encoder-decoder (VHRED), which extends HRED (Serban
et al., 2016b). We use the publicly available responses provided by Serban et al. (2016b).
In order to investigate the importance of the inference model, we introduce a fourth baseline, called
HRED + Activity-Entity Features. This model simplifies MrRNN, such that the natural language
decoder RNN is conditioned only on the past coarse tokens. In other words, this baseline has access
to past activity-entity pairs – encoded using a GRU RNN – but it does not contain an inference model
for predicting future coarse sequences. Thus, the baseline has access to the exact same information as
the MrRNN. We use this baseline to evaluate the importance of the inference model. Based on the
validation set log-likelihood, we specify the model architecture to have 500, 1000, and 2000 hidden
units respectively for the encoder, context and decoder RNNs. The encoder RNN is bidirectional.
The GRU RNN, which encodes the past coarse-level activity-entities sequences, has 500 hidden units.
5

MrRNN The inference model is parametrized as the HRED model (Serban et al., 2016a) with
1000, 1000, and 2000 hidden units respectively for the coarse-level encoder, context, and decoder
RNNs. The natural language model is parametrized as the HRED model with 500, 1000, and 2000
hidden units respectively for the natural language encoder, context, and decoder RNNs. The coarse
prediction encoder GRU RNN has 500 hidden units. The encoder RNNs for the inference model and
for the natural language model are both bidirectional.
Evaluation Methods
It has long been known that accurate evaluation of dialogue system responses is difficult (Schatzmann
et al., 2005). Liu et al. (2016) have recently shown that all automatic evaluation metrics adopted for
such evaluation, including word overlap-based metrics such as BLEU and METEOR, have either
very low or no correlation with human judgment of system performance. We therefore carry out
an in-lab human study to evaluate the model responses. We recruit 5 human evaluators. We show
each evaluator between 30 and 40 dialogue contexts with the ground truth response, and 4 candidate
responses (HRED, HRED + Activity-Entity Features, MrRNN Noun, and MrRNN Activity-Entity).
For each example, we ask the evaluators to compare the candidate responses to the ground truth
response and dialogue context, and rate them for fluency and relevancy on a scale 0 − 4: 0 means
incomprehensible or no relevancy and 4 means flawless English or all relevant. This setup is similar
to the evaluation setup used by Koehn and Monz (2006) and comparable to Liu et al. (2016).
We further propose a new set of evaluation metrics for the Ubuntu domain, in order to ease reproducibility and facilitate future evaluations. These metrics compare the activities and entities in the
responses generated by the model with those of the ground truth responses. The assumption is that
if a model generates responses with the same meaning as the ground truth responses – including
expert responses, which often lead to solving the user’s problem – then the model performs well.
To compute the metrics, first the ground truth and model responses are mapped to their respective
activity-entity representations using the syntactic parsing described earlier. Then, the overlap between
their activities and entities are measured according to F1-score. Because the activities and entities
reflect the principal information contained in a response – which are key to resolving the technical
problem – these metrics should correlate well with solving user problems.
Table 1: Ubuntu evaluation using F1 metrics w.r.t. activities and entities on ground truth utterances
(mean scores ± 90% confidence intervals), and human fluency and human relevancy scores given on
a scale 0-4 (∗ indicates scores significantly different from baseline models at 90% confidence)
Model
LSTM
HRED
VHRED
HRED + Act.-Ent. Features
MrRNN Noun
MrRNN Act.-Ent.

Activity F1

Entity F1

Human Fluency

Human Relevancy

1.18 ±0.18
4.34 ±0.34
4.63 ±0.34
5.46 ±0.35
4.04 ±0.33
11.43 ±0.54

0.87 ±0.15
2.22 ±0.25
2.53 ±0.26
2.44 ±0.26
6.31 ±0.42
3.72 ±0.33

2.98
2.96
3.48∗
3.42∗

1.01
0.75
1.32∗
1.04

Results
The results are given in Table 1. The MrRNNs perform substantially better than the baseline
models w.r.t. both the human evaluation study and automatic evaluation metrics. MrRNN with
noun representations obtains an entity F1 score at 6.31, while all baseline models obtain less than
half between 0.87 − 2.53. Further, human evaluators consistently rate its fluency and relevancy
significantly higher than all the baseline models. MrRNN with activity representations obtains an
activity F1 score at 11.43, while all other models obtain less than half F1 activity scores between
1.18 − 5.46. It also performs substantially better than the baseline models w.r.t. the entity F1 score. In
agreement with these results, human evaluators rate its fluency substantially higher than the baseline
models. On the other hand, its relevancy is rated only slightly higher than HRED. We believe this
effect is caused by the human evaluators focusing excessively on software entities in the dialogue
responses – rather than focusing on on the actions/activities, which are critical to solving the actual
technical problem posed by the user. In fact, our manual inspection of the generated responses confirm
that its responses are more useful and goal-driven compared to the other model responses. Finally, the
MrRNNs outperform the HRED baseline augmented activity-entity features across all metrics. This
6

Table 2: Model response examples. The arrows indicate change of turn.
Dialogue Context
Hello I tried to install ubuntu studio but I get W : Failed
to fetch <url >404 Not Found when apt-get update →
the ppa you added is not online

hi community.. is there any difference between ”
/.bashrc ” ” /.bashrc. local ” → yes, they’re different
files :-) the default /.bashrc sources /.bashrc. local →
sorry I could undersatnd... If I write on terminal ” gedit
/.bashrc ” it opens a file but how I open ” /.bashrc. local
” → ” gedit /.bashrc. local ”... → but it just open blank
file nothing inside it
Hey guys what do you in general use for irc something
ubuntu xchat or xchat-gnome ? → without -gnome.
that is just cut down → you mean drop xchat-gnome
and go with xchat ?

when setting up rules with iptables command only
writes changes this file ” etciptables. rules ”? i ask this
so i can backup before messing anything → sudo
iptables-save something . dat to backup your rules
restore with sudo iptables-restore < something . dat

Model Response
MrRNN Act. -Ent.: try a different
mirror
MrRNN Noun: something
VHRED: but I dont know how to add it
HRED: how do I do that ?
MrRNN Act.-Ent.: open up gedit
/.bashrc, there is a file called ”
something ”
MrRNN Noun: the file is empty..
VHRED: it’s in /.bashrc or /.bashrc
HRED: what are you trying to do ?

Predicted Coarse Sequence
MrRNN Act. -Ent.:
no tenses try activity no cmd
MrRNN Noun:
past present tenses ubuntu
studio <url>
MrRNN Act.-Ent.:
present tenses open activity
gedit entity no cmd
MrRNN Noun:
present tenses community
difference

MrRNN Act. -Ent.: im using xchat
right now
MrRNN Noun: what is xchat-gnome ?
VHRED: correct
HRED: yes

MrRNN Act.-Ent.:
present tenses use activity
xchat entity no cmd
MrRNN Noun:
present tenses guys general
irc ubuntu xchat xchatgnome
MrRNN Act.-Ent.:
present tenses look activity
iptables entity no cmd
MrRNN Noun:
present tenses rules iptables
command file <path>

MrRNN Act. -Ent.: I don’t see any
reason why you need iptables to do that
MrRNN Noun: are you using ubuntu ?
VHRED: thx HRED: thanks

indicates that the inference model provides MrRNNs a critical advantage, by allowing the models
to jointly represent and reason at multiple levels of abstraction in order to generate responses with
high-level, compositional structure. Overall, the results indicate that the MrRNNs have learned to
model high-level, goal-oriented sequential structure in the Ubuntu domain.
Model responses are shown in Table 2 together with the generated coarse responses. The MrRNN
responses are generally very coherent and topic-oriented. In contrast, responses by the other baselines
tend to be off-topic or very generic (Li et al., 2016; Serban et al., 2016a). This suggests that the
hierarchical generation process and factorial representation of the coarse sequences help MrRNNs take
dialogue context into account and generalize to new examples. In particular, MrRNN with activityentity representation appears qualitatively to give more goal-oriented instructions in comparison to
MrRNN with noun representation. This is also shown by the goal-oriented coarse sequences predicted
by the inference model. This observation indicates that the hierarchical generation process helps
MrRNN generate responses with more high-level, compositional structure.

Related Work
MrRNNs build upon the standard RNNLM (Mikolov et al., 2010), which follows a sequential
generation process where each word is generated conditioned on all previous words. The same
applies to most Seq2Seq models for dialogue (Sordoni et al., 2015b; Shang et al., 2015; Li et al.,
2016; Serban et al., 2016a) and other models involving natural language generation (Bahdanau et al.,
2015; Weston et al., 2015; Graves et al., 2014; Kumar et al., 2016). Such models do not have any
inference mechanism for predicting high-level structure in the response, and therefore have difficulty
incorporating and generating high-level compositional structure.
MrRNNs are related to the VHRED model (Serban et al., 2016b; Bowman et al., 2015), which uses a
continuous stochastic latent variable zn for each utterance, conditioned on the previous utterances.
VHRED generates an utterance by first sampling zn , and then generates the utterance wn word
by word. Similar to the MrRNNs, the prior distribution over the continuous latent variable zn
corresponds to an inference mechanism. However — unlike the sequential and discrete inference
mechanism used by MrRNNs — the VHRED inference mechanism operates in a continuous space
which cannot easily be mapped to discrete symbols (coarse tokens) or causal relations (e.g. that the
token mozilla should follow the token firefox). The same differences apply to other neural network
models with continuous latent variables, such as the Variational Recurrent Neural Network (Chung
et al., 2015), the Variational Recurrent Autoencoder (Fabius and van Amersfoort, 2014) and the
Structured Variational Autoencoder (SVAE) (Johnson et al., 2016). In addition to these, MrRNNs are
related to the DrLM model proposed by Ji et al. (2016). This model uses one discrete stochastic latent
variable (high-level token) zn for each utterance, which is conditioned on the previous utterance.
Although the discrete stochastic variables can be mapped to meaningful discrete symbols, they are
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less expressive than the MrRNNs because there is only exactly one discrete variable per utterance
and this variable depends only on the immediate preceding utterance. MrRNNs are also related to
non-neural network latent variable models for dialogue, such as that by Zhai and Williams (2014)
and by He et al. (2016). Learning task-specific and temporal abstractions for dialogue was also
investigated in earlier work by Bangalore et al. (2008), by Crook et al. (2009) and others. MrRNNs
contribute to this line of work by explicitly modeling the sequence of activities and entities.
From a symbolic representation and reasoning perspective, MrRNNs are related to Hierarchical
Task Networks (HTNs) (Erol et al., 1994), which have utilize a knowledge specification structure.
Although HTNs have been used in the past as a search control strategy, HTNs also provide a separation
of knowledge at different levels of granularity. In particular for dialogue, the RavenClaw system
(Bohus and Rudnicky, 2003) applied this approach to separate the “task and discourse behavior
specification”. At test time, MrRNNs can be viewed as HTNs with a two-level hierarchy; conditioned
on a given dialogue context, MrRNNs first find the high-level action (coarse sequence) and then find
the low-level decomposition of that high-level action (natural language response).

Discussion
Current sequence-to-sequence models for dialogue response generation cannot effectively take
dialogue context into account and cannot generate meaningful and diverse on-topic responses. To
address these problems, we have proposed a new class of models called multiresolution recurrent
neural networks (MrRNNs). MrRNNs model dialogue through a two-level hierarchical generation
process over high-level coarse sequences and natural language utterances. The coarse sequences are
generated through an inference model — parametrized by a recurrent neural network — and condition
the natural language generation model through the hierarchical generation process. This process
allows MrRNNs to represent and reason at several levels of abstraction. Combined with a syntactic
parser, the MrRNNs are trained by optimizing the joint log-likelihood over the sequences at each level.
Given a dialogue context, the inference model first generates the next coarse sequence and then the
natural language model uses the coarse sequence to generate the natural language response. We have
applied MrRNNs to dialogue response generation in the Ubuntu technical support domain. We have
evaluated them through a human evaluation study and via automatic evaluation metrics. According to
both human evaluators and automatic evaluation, MrRNNs improve substantially over competing
models. By representing and reasoning about information at different levels of abstraction, and by
jointly optimizing the generation process across abstraction levels, MrRNNs are able to generate
more fluent, relevant and goal-oriented responses. The results indicate that it is not simply a matter of
adding additional features for prediction – MrRNNs outperform a competitive model augmented with
past coarse sequences as features – rather, it is the combination of representation and inference at
multiple levels of abstraction that yields the improvements.
MrRNNs are a general framework for modeling discrete sequences at multiple levels of representation.
We conjecture that they may be effective in broader natural language generation tasks, such as
generating prose and persuasive argumentation, and other tasks involving discrete sequences, such as
music composition.
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A BSTRACT
The success of neural network methods for computing word embeddings has motivated methods for generating semantic embeddings of longer pieces of text, such
as sentences and paragraphs. Surprisingly, Wieting et al (ICLR’16) showed that
such complicated methods are outperformed, especially in out-of-domain (transfer
learning) settings, by simpler methods involving mild retraining of word embeddings and basic linear regression. The method of Wieting et al. requires retraining
with a substantial labeled dataset such as Paraphrase Database (Ganitkevitch et
al., 2013).
The current paper goes further, showing that the following completely unsupervised sentence embedding is a formidable baseline: Use word embeddings computed using one of the popular methods on unlabeled corpus like Wikipedia, represent the sentence by a weighted average of the word vectors, and then modify
them a bit using PCA/SVD. This weighting improves performance by about 10%
to 30% in textual similarity tasks, and beats sophisticated supervised methods including RNN’s and LSTM’s. It even improves Wieting et al.’s embeddings. This
simple method should be used as the baseline to beat in future, especially when
labeled training data is scarce or nonexistent.
The paper also gives a theoretical explanation of the success of the above unsupervised method using a latent variable generative model for sentences, which is
a simple extension of the model in Arora et al. (TACL’16) with new “smoothing”
terms that allow for words occurring out of context, as well as high probabilities
for words like and, not in all contexts.

1

I NTRODUCTION

Word embeddings computed using diverse methods are basic building blocks for Natural Language
Processing (NLP) and Information Retrieval (IR). They capturing the similarities between words
(e.g., (Bengio et al., 2003; Collobert & Weston, 2008; Mikolov et al., 2013a; Pennington et al.,
2014)). Recent work has tried to compute embeddings that capture the semantics of word sequences
(phrases, sentences, and paragraphs), with methods ranging from simple additional composition of
the word vectors to sophisticated architectures such as convolutional neural networks and recurrent
neural networks (e.g., (Iyyer et al., 2015; Le & Mikolov, 2014; Kiros et al., 2015; Socher et al., 2011;
Blunsom et al., 2014; Tai et al., 2015; Wang et al., 2016)). Recently, (Wieting et al., 2016) learned
general-purpose, paraphrastic sentence embeddings by starting with standard word embeddings and
modifying them based on supervision from the Paraphrase pairs dataset (PPDB), and constructing
sentence embeddings by training a simple word averaging model. This simple method leads to
better performance on textual similarity tasks than a wide variety of methods and serves as a good
initialization for textual classification tasks. However, supervision from the paraphrase dataset seems
crucial, since they report that simple average of the initial word embeddings does not work very well.
Here we give a new sentence embedding method that is embarrassingly simple: just compute the
weighted average of the word vectors in the sentence and then remove the projections of the average
vectors on their first principal component (“common component removal”). Here the weight of a
word w is a/(a + p(w)) with a being a parameter and p(w) the (estimated) word frequency; we call
this smooth inverse frequency (SIF). This method achieves significantly better performance than the
1
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unweighted average on a variety of textual similarity tasks, and on most of these tasks even beats
some sophisticated supervised methods tested in (Wieting et al., 2016), including some RNN and
LSTM models. The method is well-suited for domain adaptation settings, i.e., word vectors trained
on various kinds of corpora are used for computing the sentence embeddings in different testbeds.
It is also fairly robust to the weighting scheme: using the word frequencies estimated from different
corpora does not harm the performance; a wide range of the parameters a can achieve close-to-best
results, and an even wider range can achieve significant improvement over unweighted average.
Of course, this SIF reweighting is highly reminiscent of TF-IDF reweighting from information
retrieval (Sparck Jones, 1972; Robertson, 2004) if one treats a “sentence” as a “document” and
make the reasonable assumption that the sentence doesn’t typically contain repeated words. Such
reweightings (or related ideas like removing frequent words from the vocabulary) are a good rule of
thumb but has not had theoretical justification in a word embedding setting.
The current paper provides a theoretical justification for the reweighting using a generative model for
sentences, which is a simple modification for the Random Walk on Discourses model for generating
text in (Arora et al., 2016). In that paper, it was noted that the model theoretically implies a sentence
embedding, namely, simple average of embeddings of all the words in it.
We modify this theoretical model, motivated by the empirical observation that most word embedding
methods, since they seek to capture word cooccurence probabilities using vector inner product, end
up giving large vectors to frequent words, as well as giving unnecessarily large inner products to
word pairs, simply to fit the empirical observation that words sometimes occur out of context in
documents. These anomalies cause the average of word vectors to have huge components along
semantically meaningless directions. Our modification to the generative model of (Arora et al.,
2016) allows “smoothing” terms, and then a max likelihood calculation leads to our SIF reweighting.
Interestingly, this theoretically derived SIF does better (by a few percent points) than traditional TFIDF in our setting. The method also improves the sentence embeddings of Wieting et al., as seen
in Table 1. Finally, we discovered that —contrary to widespread belief—Word2Vec(CBOW) also
does not use simple average of word vectors in the
Pmodel, as misleadingly suggested by the usual
expression Pr[w|w1 , w2 , . . . , w5 ] ∝ exp(vw · ( 51 i vwi )). A dig into the implementation shows
it implicitly uses a weighted average of word vectors —again, different from TF-IDF— and this
weighting turns out to be quite similar in effect to ours. (See Section 3.1.)

2

R ELATED W ORK

Word embeddings. Word embedding methods represent words as continuous vectors in a low
dimensional space which capture lexical and semantic properties of words. They can be obtained
from the internal representations from neural network models of text (Bengio et al., 2003; Collobert
& Weston, 2008; Mikolov et al., 2013a) or by low rank approximation of co-occurrence statistics (Deerwester et al., 1990; Pennington et al., 2014). The two approaches are known to be closely
related (Levy & Goldberg, 2014; Hashimoto et al., 2016; Arora et al., 2016).
Our work is most directly related work to (Arora et al., 2016), which proposed a random walk model
for generating words in the documents. Our sentence vector can be seen as approximate inference
of the latent variables in their generative model.
Phrase/Sentence/Paragraph embeddings. Previous works have computed phrase or sentence
embeddings by composing word embeddings using operations on vectors and matrices e.g.,
(Mitchell & Lapata, 2008; 2010; Blacoe & Lapata, 2012). They found that coordinate-wise multiplication of the vectors performed very well among the binary operations studied. Unweighted averaging is also found to do well in representing short phrases (Mikolov et al., 2013a). Another approach
is recursive neural networks (RNNs) defined on the parse tree, trained with supervision (Socher
et al., 2011) or without (Socher et al., 2014). Simple RNNs can be viewed as a special case where
the parse tree is replaced by a simple linear chain. For example, the skip-gram model (Mikolov et al.,
2013b) is extended to incorporate a latent vector for the sequence, or to treat the sequences rather
than the word as basic units. In (Le & Mikolov, 2014) each paragraph was assumed to have a latent
paragraph vector, which influences the distribution of the words in the paragraph. Skip-thought
of (Kiros et al., 2015) tries to reconstruct the surrounding sentences from surrounded one and treats
2
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the hidden parameters as their vector representations. RNNs using long short-term memory (LSTM)
capture long-distance dependency and have also been used for modeling sentences (Tai et al., 2015).
Other neural network structures include convolution neural networks, such as (Blunsom et al., 2014)
that uses a dynamic pooling to handle input sentences of varying length and do well in sentiment
prediction and classification tasks.
The directed inspiration for our work is (Wieting et al., 2016) which learned paraphrastic sentence
embeddings by using simple word averaging and also updating standard word embeddings based on
supervision from paraphrase pairs; the supervision being used for both initialization and training.

3

A S IMPLE M ETHOD FOR S ENTENCE E MBEDDING

We briefly recall the latent variable generative model for text in (Arora et al., 2016). The model treats
corpus generation as a dynamic process, where the t-th word is produced at step t. The process is
driven by the random walk of a discourse vector ct ∈ <d . Each word w in the vocabulary has a
vector in <d as well; these are latent variables of the model. The discourse vector represents “what
is being talked about.” The inner product between the discourse vector ct and the (time-invariant)
word vector vw for word w captures the correlations between the discourse and the word. The
probability of observing a word w at time t is given by a log-linear word production model from
Mnih and Hinton:
Pr[w emitted at time t | ct ] ∝ exp (hct , vw i) .

(1)

The discourse vector ct does a slow random walk (meaning that ct+1 is obtained from ct by adding
a small random displacement vector), so that nearby words are generated under similar discourses.
It was shown in (Arora et al., 2016) that under some reasonable assumptions this model generates
behavior –in terms of word-word cooccurence probabilities—that fits empirical works like word2vec
and Glove. The random walk model can be relaxed to allow occasional big jumps in ct , since a
simple calculation shows that they have negligible effect on cooccurrence probabilities of words.
The word vectors computed using this model are reported to be similar to those from Glove and
word2vec(CBOW).
Our improved Random Walk model. Clearly, it is tempting to define the sentence embedding as
follows: given a sentence s, do a MAP estimate of the discourse vectors that govern this sentence.
We note that we assume the discourse vector ct doesn’t change much while the words in the sentence
were emitted, and thus we can replace for simplicity all the ct ’s in the sentence s by a single discourse
vector cs . In the paper (Arora et al., 2016), it was shown that the MAP estimate of cs is —up to
multiplication by scalar—the average of the embeddings of the words in the sentence.
In this paper, towards more realistic modeling, we change the model (1) as follows. This model has
two types of “smoothing term”, which are meant to account for the fact that some words occur out
of context, and that some frequent words (presumably “the”, “and ” etc.) appear often regardless of
the discourse. We first introduce an additive term αp(w) in the log-linear model, where p(w) is the
unigram probability (in the entire corpus) of word and α is a scalar. This allows words to occur even
if their vectors have very low inner products with cs . Secondly, we introduce a common discourse
vector c0 ∈ <d which serves as a correction term for the most frequent discourse that is often related
to syntax. (Other possible correction is left to future work.) It boosts the co-occurrence probability
of words that have a high component along c0 .
Concretely, given the discourse vector cs , the probability of a word w is emitted in the sentence s is
modeled by,
exp (hc̃s , vw i)
,
(2)
Zc̃s
where c̃s = βc0 + (1 − β)cs , c0 ⊥ cs
P
where α and β are scalar hyperparameters, and Zc̃s =
w∈V exp (hc̃s , vw i) is the normalizing
constant (the partition function). We see that the model allows a word w unrelated to the discourse
cs to be omitted for two reasons: a) by chance from the term αp(w); b) if w is correlated with the
common discourse vector c0 .
Pr[w emitted in sentence s | cs ] = αp(w) + (1 − α)

3
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Algorithm 1 Sentence Embedding
Input: Word embeddings {vw : w ∈ V}, a set of sentences S, parameter a and estimated marginal
probabilities {p(w) : w ∈ V} of the words.
Output: Sentence embeddings {vs : s ∈ S}
1: for all sentence
P s in Sado
1
2:
vs ← |s|
w∈s a+p(w) vw
3: end for
4: Compute the first principal component u of {vs : s ∈ S}
5: for all sentence s in S do
6:
vs ← vs − uu> vs
7: end for

Computing the sentence embedding. The word embeddings yielded by our model are actually
the same (up to rescaling) as those by model (1). (In fact the new model was discovered by our
detecting the common component c0 in existing embeddings.) The sentence embedding will be
defined as the max likelihood estimate for the vector cs that generated it. ( In this case MLE is the
same as MAP since the prior is uniform.) We borrow the key modeling assumption of (Arora et al.,
2016), namely that the word vw ’s are roughly uniformly dispersed, which implies that the partition
function Zc is roughly the same in all directions. So assume that Zc̃s is roughly the same, say Z for
all c̃s . By the model (2) the likelihood for the sentence is

Y
Y
exp (hvw , c̃s i)
p[s | cs ] =
p(w | cs ) =
αp(w) + (1 − α)
.
Z
w∈s
w∈s
Let



exp (hvw , c̃s i)
fw (c̃s ) = log αp(w) + (1 − α)
Z
denote the log likelihood of sentence s. Then, by simple calculus we have,
∇fw (c̃s ) =

1
1−α
exp (hvw , c̃s i) vw .
αp(w) + (1 − α) exp (hvw , c̃s i) /Z Z

Then by Taylor expansion, we have,
fw (c̃s ) ≈ fw (0) + ∇fw (0)> c̃s
(1 − α)/(αZ)
hvw , c̃s i .
= constant +
p(w) + (1 − α)/(αZ)
Therefore, the maximum likelihood estimator for c̃s on the unit sphere (ignoring normalization) is
approximately,1
X
X
a
1−α
arg max
fw (c̃s ) ∝
vw , where a =
.
(3)
p(w)
+
a
αZ
w∈s
w∈s
That is, the MLE is approximately a weighted average of the vectors of the words in the sentence.
Note that for more frequent words w, the weight a/(p(w) + a) is smaller, so this naturally leads to
a down weighting of the frequent words.
To estimate cs , we estimate the direction c0 by computing the first principal component of c̃s ’s
for a set of sentences. In other words, the final sentence embedding is obtained by subtracting the
projection of c̃s ’s to their first principal component. This is summarized in Algorithm 1.
3.1

C ONNECTION TO S UBSAMPLING P ROBABILITIES IN WORD 2 VEC

Word2vec (Mikolov et al., 2013b)
p uses a sub-sampling technique which downsamples word w with
probability proportional to 1/ p(w) where p(w) is the marginal probability of the word w. This
1

Note that maxc:kck=1 C + hc, gi = g/kgk for any constant C.
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Figure 1: The subsampling probabilities in word2vec are similar to our weighting scheme.

heuristic not only speeds up the training but also learns more regular word representations. Here
we explain that this corresponds to an implicit reweighting of the word vectors in the model and
therefore the statistical benefit should be of no surprise.
Recall the vanilla CBOW model of word2vec:
5

Pr[wt | wt−1 , . . . , wt−5 ] ∝ exp (hv̄t , vw i) , where v̄t =

1X
vw .
5 i=1 t−i

(4)

It can be shown that the loss (MLE) for the single word vector vw (from this occurrence) can be
abstractly written in the form,
g(vw ) = γ(hv̄t , vw i) + negative sampling terms ,
where γ(x) = log(1/(1 + e−x )) is the logistic function. Therefore, the gradient of g(vw ) is
∇g(vw ) = γ 0 (hv̄t , vw i)v̄t = α(vwt−5 + vwt−4 + vwt−3 + vwt−2 + vwt−1 ) ,

(5)

where α is a scalar. That is, without the sub-sampling trick, the update direction is the average of
the word vectors in the window.
The sub-sampling trick in (Mikolov et al., 2013b) randomly selects the summands in equation (5) to
“estimate” the gradient. Specifically, the sampled update direction is
˜
∇g(v
(6)
w ) = α(J5 vwt−5 + J4 vwt−4 + J3 vwt−3 + J2 vwt−2 + J1 vwt−1 )
n q
o
10−5
.
where Jk ’s are Bernoulli random variables with Pr [Jk = 1] = q(wt−k ) , min 1, p(w
t−k )
˜
˜
However, we note that ∇g(vw ) is (very) biased estimator! We have that the expectation of ∇g(vw )
is a weighted sum of the word vectors,
h
i
˜
E ∇g(v
w ) = α(q(wt−5 )vwt−5 + q(wt−4 )vwt−4 + q(wt−3 )vwt−3 + q(wt−2 )vwt−2 + q(wt−1 )vwt−1 ) .
˜
In fact, the expectation E[∇g(v
w )] corresponds to the gradient of a modified word2vec model with
P5
the average v̄t (in equation (4)) being replaced by the weighted average k=1 q(wt−k )vwt−k . Such
a weighted model can also share the same form of what we derive form our random walk model
as in equation (3). Moreover, the weighting q(wi ) closely tracks our weighting scheme a/(a +
p(w)) when using parameter a = 10−4 ; see Figure 1 for an illustration. Therefore, the expected
gradient here is approximately the estimated discourse vector in our model! Thus, word2vec with
sub-sampling gradient heuristic corresponds to a stochastic gradient update method for using our
weighting scheme.
5
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Results collected from (Wieting et al., 2016) except tfidf-GloVe
Su.
Un.

Supervised
or not
Tasks

PP

STS’12
STS’13
STS’14
STS’15
SICK’14
Twitter’15

58.7
55.8
70.9
75.8
71.6
52.9

PP
-proj.
60.0
56.8
71.3
74.8
71.6
52.8

DAN

RNN

iRNN

56.0
54.2
69.5
72.7
70.7
53.7

48.1
44.7
57.7
57.2
61.2
45.1

58.4
56.7
70.9
75.6
71.2
52.9

LSTM
(no)
51.0
45.2
59.8
63.9
63.9
47.6

LSTM
(o.g.)
46.4
41.5
51.5
56.0
59.0
36.1

ST
30.8
24.8
31.4
31.0
49.8
24.7

avgGloVe
52.5
42.3
54.2
52.7
65.9
30.3

Se.
tfidfGloVe
58.7
52.1
63.8
60.6
69.4
33.8

avgPSL
52.8
46.4
59.5
60.0
66.4
36.3

Our approach
Un.
Se.
GloVe
+WR
56.2
56.6
68.5
71.7
72.2
48.0

PSL
+WR
59.5
61.8
73.5
76.3
72.9
49.0

Table 1: Experimental results (Pearson’s r × 100) on textual similarity tasks. The highest score in
each row is in boldface. The methods can be supervised (denoted as Su.), semi-supervised (Se.), or
unsupervised (Un.). See the main text for the description of the methods.

4

E XPERIMENTS

4.1

T EXTUAL S IMILARITY TASKS

Datasets. We test our methods on the 22 textual similarity datasets including all the datasets from
SemEval semantic textual similarity (STS) tasks (2012-2015) (Agirre et al., 2012; 2013; 2014; Agirrea et al., 2015), and the SemEval 2015 Twitter task (Xu et al., 2015) and the SemEval 2014 Semantic Relatedness task (Marelli et al., 2014). The objective of these tasks is to predict the similarity
between two given sentences. The evaluation criterion is the Pearson’s coefficient between the predicted scores and the ground-truth scores.
Experimental settings. We will compare our method with the following:
1. Unsupervised: ST, avg-GloVe, tfidf-GloVe. ST denotes the skip-thought vectors (Kiros
et al., 2015), avg-GloVe denotes the unweighted average of the GloVe vectors (Pennington
et al., 2014),2 and tfidf-GloVe denotes the weighted average of GloVe vectors using TF-IDF
weights.
2. Semi-supervised: avg-PSL. This method uses the unweighted average of the PARAGRAMSL999 (PSL) word vectors from (Wieting et al., 2015). The word vectors are trained using
labeled data, but the sentence embedding are computed by unweighted average without
training.
3. Supervised: PP, PP-proj., DAN, RNN, iRNN, LSTM (o.g.), LSTM (no). All these methods
are initialized with PSL word vectors and then trained on the PPDB dataset. PP and PPproj. are proposed in (Wieting et al., 2016). The first is an average of the word vectors, and
the second additionally adds a linear projection. The word vectors are updated during the
training. DAN denotes the deep averaging network of (Iyyer et al., 2015). RNN denotes the
classical recurrent neural network, and iRNN denotes a variant with the activation being the
identity, and the weight matrices initialized to identity. The LSTM is the version from (Gers
et al., 2002), either with output gates (denoted as LSTM(o.g.)) or without (denoted as
LSTM (no)).
Our method can be applied to any types of word embeddings. To get a completely unsupervised
method, we apply it to the GloVe vectors. The weighting parameter a is fixed to 10−3 , and the word
frequencies p(w) are estimated from the commoncrawl dataset.3 This is denoted by GloVe+WR
in Table 1. We also apply our method on the PSL vectors, denoted as PSL+WR, which is a semisupervised method.
Results. The results are reported in Table 1. Each year there are 4 to 6 STS tasks. For clarity, we
only report the average result for the STS tasks each year; the detailed results are in the appendix.
2

We used the vectors that are publicly available at http://nlp.stanford.edu/projects/glove/. They are 300dimensional vectors that were trained on the 840 billion token Common Crawl corpus.
3
It is possible to tune the parameter a to get better results. The effect of a and the corpus for estimating
word frequencies are studied in Section 4.1.1.
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Figure 2: Effect of weighting scheme in our method on the average performance on STS 2012 tasks.
Best viewed in color. (a) Performance v.s. weighting parameter a. Three types of word vectors
(PSL, GloVe, SN) are tested using p(w) estimated on the enwiki dataset. The best performance
is usually achieved at a = 10−3 to a = 10−4 . (b) Performance v.s. datasets used for estimating
p(w). Four datasets (enwiki, poliblogs, commoncrawl, text8) are used to estimate p(w) which is
then used in our method. The parameter a is fixed to be 10−3 . The performance is almost the same
for different settings.

The unsupervised method GloVe+WR improves upon avg-GloVe significantly by 10% to 30%, and
beats the baselines by large margins. It achieves better performance than LSTM and RNN and
comparable to DAN, even though the later three use supervision. This demonstrates the power of
this simple method: it can be even stronger than highly-tuned supervisedly trained sophisticated
models. Using TF-IDF weighting scheme also improves over the unweighted average, but not as
much as our method.
The semi-supervised method PSL+WR achieves the best results for four out of the six tasks and are
comparable to the best in the rest of two tasks. Overall, it outperforms the avg-PSL baseline and all
the supervised models initialized with the same PSL vectors. This demonstrates the advantage of
our method over the training for those models.
Finally, in the appendix, we showed that our two ideas all contribute to the improvement: for GloVe
vectors, using smooth inverse frequency weighting alone improves over unweighted average by
about 5%, using common component removal alone improves by 10%, and using both improves by
13%.

4.1.1

E FFECT OF W EIGHTING PARAMETER ON P ERFORMANCE

We study the sensitivity of our method to the weighting parameter a, the method for computing
word vectors, and the estimated word probabilities p(w). First, we test the performance of three
types of word vectors (PSL, GloVe, and SN) on the STS 2012 tasks. SN vectors are trained on the
enwiki dataset (Wikimedia, 2012) using the method in (Arora et al., 2016), while PSL and GloVe
vectors are those used in Table 1. We enumerate a ∈ {10−i , 3 × 10−i : 1 ≤ i ≤ 5} and use the
p(w) estimated on the enwiki dataset. Figure 2a shows that for all three kinds of word vectors, a
wide range of a leads to significantly improved performance over the unweighted average. Best
performance occurs from a = 10−3 to a = 10−4 .
Next, we fix a = 10−3 and use four very different datasets to estimate p(w): enwiki (wikipedia, 3
billion tokens), poliblogs (Yano et al., 2009) (political blogs, 5 million), commoncrawl (Buck et al.,
2014) (Internet crawl, 800 billion), text8 (Mahoney, 2008) (wiki subset, 1 million). Figure 2b shows
performance is almost the same for all four settings.
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similarity (SICK)
entailment (SICK)
sentiment (SST)

PP
84.9
83.1
79.4

DAN
85.96
84.5
83.4

RNN
73.13
76.4
86.5

LSTM (no)
85.45
83.2
86.6

LSTM (o.g.)
83.41
82.0
89.2

skip-thought
85.8
-

Ours
86.03
84.6
82.2

Table 2: Results on similarity, entailment, and sentiment tasks. The sentence embeddings are computed unsupervisedly, and then used as features in downstream supervised tasks. The row for similarity (SICK) shows Pearson’s r × 100 and the last two rows show accuracy. The highest score in
each row is in boldface. Results in Column 2 to 6 are collected from (Wieting et al., 2016), and
those in Column 7 for skip-thought are from (Lei Ba et al., 2016).

The fact that our method can be applied on different types of word vectors trained on different
corpora also suggests it should be useful across different domains. This is especially important for
unsupervised methods, since the unlabeled data available may be collected in a different domain
from the target application.
4.2

S UPERVISED TASKS

The sentence embeddings obtained by our method can be used as features for downstream supervised tasks. We consider three tasks: the SICK similarity task, the SICK entailment task, and the
Stanford Sentiment Treebank (SST) binary classification task (Socher et al., 2013). To highlight the
representation power of the sentence embeddings learned unsupervisedly, we fix the embeddings
and only learn the classifier. Setup of supervised tasks mostly follow (Wieting et al., 2016) to allow fair comparison, i.e., the classifier a linear projection followed by the classifier in (Kiros et al.,
2015). The linear projection maps the sentence embeddings into 2400 dimension (the same as the
skip-thought vectors), and is learned during the training. We compare our method to PP, DAN,
RNN, and LSTM, which are the methods used in Section 4.1. We also compare to the skip-thought
vectors (with improved training in (Lei Ba et al., 2016)).
Results. Our method gets better or comparable performance compared to the competitors. It gets
the best results for two of the tasks. This demonstrates the power of our simple method. We emphasize that our embeddings are unsupervisedly learned, while DAN, RNN, LSTM are trained with
supervision. Furthermore, skip-thought vectors are much higher dimensional than ours (though projected into higher dimension, the original 300 dimensional embeddings contain all the information).
The advantage is not as significant as in the textual similarity tasks. This is possibly because similarity tasks rely directly upon cosine similarity, which favors our method’s approach of removing
the common components (which can be viewed as a form of denoising), while in supervised tasks,
with the cost of some label information, the classifier can pick out the useful components and ignore
the common ones.

5

C ONCLUSIONS

This work provided a simple approach to sentence embedding, based on the discourse vectors in
the random walk model for generating text (Arora et al., 2016). It is simple and unsupervised, but
achieves significantly better performance than baselines on various textual similarity tasks, and can
even beat sophisticated supervised methods such as some RNN and LSTM models. The sentence
embeddings obtained can be used as features in downstream supervised tasks, which also leads to
better or comparable results compared to the sophisticated methods.
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A
A.1

D ETAILS OF E XPERIMENTAL S ETTING
U NSUPERVISED TASK : T EXTUAL S IMILARITY

The competitors.
neural network:

We give a brief overview of the competitors. RNN is the classical recurrent
ht = f (Wx Wwxt + Wh ht−1 + b)

where f is the activation, Wx , Wh and b are parameters, and xt is the t-th token in the sentence.
The sentence embedding of RNN is just the hidden vector of the last token. iRNN is a special RNN
with the activation being the identity, the weight matrices initialized to identity, and b initialized to
zero. LSTM (Hochreiter & Schmidhuber, 1997) is a recurrent neural network architecture designed
to capture long-distance dependencies. Here, the version from (Gers et al., 2002) is used.
The supervised methods are initialized with PARAGRAM-SL999 (PSL) vectors, and trained using
the approach of (Wieting et al., 2016) on the XL section of the PPDB data (Pavlick et al., 2015)
which contains about 3 million unique phrase pairs. After training, the final models can be used to
generate sentence embeddings on the test data. For hyperparameter tuning they used 100k examples
sampled from PPDB XXL and trained for 5 epochs. Then after finding the hyperparameters that
maximize Spearmans coefficients on the Pavlick et al. PPDB task, they are trained on the entire XL
section of PPDB for 10 epochs. See (Wieting et al., 2016) and related papers for more details about
these methods.
The tfidf-GloVe method is a weighted average of the GloVe vectors, where the weights are defined
by the TF-IDF scheme. More precisely, the embedding of a sentence s is
vs =

1 X
IDFw vw
|s| w∈s

(7)

where IDFw is the inverse document frequency of w, and |s| denotes the number of words in the
sentence. Here, the TF part of the TF-IDF scheme is taken into account by the sum over w ∈ s.
Furthermore, when computing IDFw , each sentence is viewed as a “document”:
IDFw := log

1+N
1 + Nw

where N is the total number of sentences and Nw is the number of sentences containing w, and
1 is added to avoid division by 0. In the experiments, we use all the textual similarity datasets to
compute IDFw .
Detailed experimental results. In the main body we present the average results for STS tasks by
year. Each year there are actually 4 to 6 STS tasks, as shown in Table 3. Note that tasks with the
same name in different years are actually different tasks. Here we provide the results for each tasks
in Table 4. PSL+WR achieves the best results on 12 out of 22 tasks, PP and PP-proj. achieves on 3,
tfidf-GloVe achieves on 2, and DAN, iRNN, and GloVe+WR achieves on 1. In general, our method
improves the performance significantly compared to the unweighted average, though on rare cases
such as MSRpar it can decrease the performance.
STS’12
MSRpar
MSRvid
SMT-eur
OnWN
SMT-news

STS’13
headline
OnWN
FNWN
SMT

STS’14
deft forum
deft news
headline
images
OnWN
tweet news

STS’15
anwsers-forums
answers-students
belief
headline
images

Table 3: The STS tasks by year. Note that tasks with the same name in different years are actually
different tasks.
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Results collected from (Wieting et al., 2016) except tfidf-GloVe
Su.
Un.

Supervised
or not
Tasks

PP

MSRpar
MSRvid
SMT-eur
OnWN
SMT-news
STS’12
headline
OnWN
FNWN
SMT
STS’13
deft forum
deft news
headline
images
OnWN
tweet news
STS’14
answers-forum
answers-student
belief
headline
images
STS’15
SICK’14
Twitter’15

42.6
74.5
47.3
70.6
58.4
58.7
72.4
67.7
43.9
39.2
55.8
48.7
73.1
69.7
78.5
78.8
76.4
70.9
68.3
78.2
76.2
74.8
81.4
75.8
71.6
52.9

PP
-proj.
43.7
74.0
49.4
70.1
62.8
60.0
72.6
68.0
46.8
39.8
56.8
51.1
72.2
70.8
78.1
79.5
75.8
71.3
65.1
77.8
75.4
75.2
80.3
74.8
71.6
52.8

DAN

RNN

iRNN

40.3
70.0
43.8
65.9
60.0
56.0
71.2
64.1
43.1
38.3
54.2
49.0
71.7
69.2
76.9
75.7
74.2
69.5
62.6
78.1
72.0
73.5
77.5
72.7
70.7
53.7

18.6
66.5
40.9
63.1
51.3
48.1
59.5
54.6
30.9
33.8
44.7
41.5
53.7
57.5
67.6
67.7
58.0
57.7
32.8
64.7
51.9
65.3
71.4
57.2
61.2
45.1

43.4
73.4
47.1
70.1
58.1
58.4
72.8
69.4
45.3
39.4
56.7
49.0
72.4
70.2
78.2
78.8
76.9
70.9
67.4
78.2
75.9
75.1
81.1
75.6
71.2
52.9

LSTM
(no)
16.1
71.3
41.8
65.2
60.8
51.0
57.4
68.5
24.7
30.1
45.2
44.2
52.8
57.5
68.5
76.9
58.7
59.8
51.9
71.5
61.7
64.0
70.4
63.9
63.9
47.6

LSTM
(o.g.)
9.3
71.3
44.3
56.4
51.0
46.4
48.5
50.4
38.4
28.8
41.5
46.1
39.1
50.9
62.9
61.7
48.2
51.5
50.7
55.7
52.6
56.6
64.2
56.0
59.0
36.1

ST
16.8
41.7
35.2
29.7
30.8
30.8
34.6
10.0
30.4
24.3
24.8
12.9
23.5
37.8
51.2
23.3
39.9
31.4
36.1
33.0
24.6
43.6
17.7
31.0
49.8
24.7

avgGloVe
47.7
63.9
46.0
55.1
49.6
52.5
63.8
49.0
34.2
22.3
42.3
27.1
68.0
59.5
61.0
58.4
51.2
54.2
30.5
63.0
40.5
61.8
67.5
52.7
65.9
30.3

Se.
tfidfGloVe
50.3
77.9
54.7
64.7
45.7
58.7
69.2
72.9
36.6
29.6
52.1
37.5
68.7
63.7
72.5
75.2
65.1
63.8
45.6
63.9
49.5
70.9
72.9
60.6
69.4
33.8

avgPSL
41.6
60.0
42.4
63.0
57.0
52.8
68.8
48.0
37.9
31.0
46.4
37.2
67.0
65.3
62.0
61.1
64.7
59.5
38.8
69.2
53.2
69.0
69.9
60.0
66.4
36.3

Our approach
Un.
Se.
GloVe
+WR
35.6
83.8
49.9
66.2
45.6
56.2
69.2
82.8
39.4
37.9
56.6
41.2
69.4
64.7
82.6
82.8
70.1
68.5
63.9
70.4
71.8
70.7
81.5
71.7
72.2
48.0

PSL
+WR
43.3
84.1
44.8
71.8
53.6
59.5
74.1
82.0
52.4
38.5
61.8
51.4
72.6
70.1
84.8
84.5
77.5
73.5
70.1
75.9
75.3
75.9
84.1
76.3
72.9
49.0

Table 4: Experimental results (Pearson’s r × 100) on textual similarity tasks. The highest score in
each row is in boldface. The methods can be supervised (denoted as Su.), semi-supervised (Se.), or
unsupervised (Un.). See the main text for the description of the methods.

Effects of smooth inverse frequency and common component removal. There are two key ideas
in our methods: smooth inverse frequency weighting (W) and common component removal (R). It is
instructive to see their effects separately. Let GloVe+W denote the embeddings using only smooth
inverse frequency, and GloVe+R denote that using only common component removal. Similarly
define PSL+W and PSL+R. The results for these methods are shown in Table 5. When using GloVe
vectors, W alone improves the performance of the unweighted average baseline by about 5%, R
alone improves by 10%, W and R together improves by 13%. When using PSL vectors, W gets
10%, R gets 10%, W and R together gets 13%. In summary, both techniques are important for
obtaining significant advantage over the unweighted average.
A.2

S UPERVISED TASKS

Setup of supervised tasks mostly follow (Wieting et al., 2016) to allow fair comparison: the sentence
embeddings are fixed and fed into some classifier which are trained. For the SICK similarity task,
given a pair of sentences with embeddings vL and vR , first do a linear projection:
hL = Wp vL , hR = Wp vR
where Wp is of size 300 × dp and is learned during training. dp = 2400 matches the dimension of
the skip-thought vectors. Then hL and hR are used in the objective function from (Tai et al., 2015).
Almost the same approach is used for the entailment task.For the sentiment task, the classifier has a
fully-connected layer with a sigmoid activation followed by a softmax layer.
Recall that our method has two steps: smooth inverse frequency weighting and common component
removal. For the experiments here, we do not perform the common component removal, since it can
be absorbed into the projection step. For the weighted average, the hyperparameter a is enumerated
in {10−i , 3 × 10−i : 2 ≤ i ≤ 3}. The other hyperparameters are enumerated as in (Wieting et al.,
2016), and the same validation approach is used to select the final values.
13

Under review as a conference paper at ICLR 2017

Tasks
MSRpar
MSRvid
SMT-eur
OnWN
SMT-news
STS’12
headline
OnWN
FNWN
SMT
STS’13
deft forum
deft news
headline
images
OnWN
tweet news
STS’14
answers-forum
answers-student
belief
headline
images
STS’15
SICK’14
Twitter’15

avg-GloVe
47.7
63.9
46.0
55.1
49.6
52.5
63.8
49.0
34.2
22.3
42.3
27.1
68.0
59.5
61.0
58.4
51.2
54.2
30.5
63.0
40.5
61.8
67.5
52.7
65.9
30.3

Unsupervised
GloVe+W
GloVe+R
43.6
36.4
78.7
79.4
51.1
48.5
54.3
68.3
42.2
45.6
54.0
55.6
63.8
68.9
68.0
75.4
23.0
34.9
29.5
36.4
44.0
53.9
29.1
39.8
68.5
66.6
59.3
64.6
74.1
78.4
68.0
77.6
57.3
73.2
59.4
66.7
41.4
58.4
61.5
73.2
47.7
69.5
64.0
70.1
75.4
77.9
58.0
69.8
70.5
70.6
33.8
70.6

GloVe+WR
35.6
83.8
49.9
66.2
45.6
56.2
69.2
82.8
39.4
37.9
56.6
41.2
69.4
64.7
82.6
82.8
70.1
68.5
63.9
70.4
71.8
70.7
81.5
71.7
72.2
48.0

avg-PSL
41.6
60.0
42.4
63.0
57.0
52.8
68.8
48.0
37.9
31.0
46.4
37.2
67.0
65.3
62.0
61.1
64.7
59.5
38.8
69.2
53.2
69.0
69.9
60.0
66.4
36.3

Semi-supervised
PSL+W
PSL+R
40.9
42.5
80.4
76.4
45.0
45.1
67.8
71.0
56.2
50.7
58.1
57.2
72.6
72.7
69.8
73.5
49.3
40.7
39.2
37.3
57.7
56.0
45.8
45.3
75.1
67.4
68.9
68.5
82.9
80.2
77.6
77.7
73.6
77.9
70.7
69.5
56.0
61.0
73.3
76.8
64.3
71.3
74.5
74.6
83.4
79.9
70.3
72.7
73.1
70.3
45.7
51.9

PSL+WR
43.3
84.1
44.8
71.8
53.6
59.5
74.1
82.0
52.4
38.5
61.8
51.4
72.6
70.1
84.8
84.5
77.5
73.5
70.1
75.9
75.3
75.9
84.1
76.3
72.9
49.0

Table 5: Experimental results (Pearson’s r × 100) on textual similarity tasks using only smooth
inverse frequency, using only common component removal, or using both.
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Abstract
The human brain as one of the most complex dynamic systems enables us to
communicate and externalise information by natural language. Despite extensive
research, human-like communication with interactive robots is not yet possible,
because we have not yet fully understood the mechanistic characteristics of the
crossmodal binding between language, actions, and visual sensation that enable humans to acquire and use natural language. In this position paper we present visionand action-embodied language learning research as part of a project investigating
multi-modal learning. Our research endeavour includes to develop a) a cortical
neural-network model that learns to ground language into crossmodal embodied
perception and b) a knowledge-based teaching framework to bootstrap and scale-up
the language acquisition to a level of language development in children of age up
to two years. We embed this approach of internally grounding embodied experience and externally teaching abstract experience into the developmental robotics
paradigm, by means of developing and employing a neuro-robot that is capable
of multisensory perception and interaction. The proposed research contributes
to designing neuroscientific experiments on discovering crossmodal integration
particularly in language processing and to constructing future robotic companions
capable of natural communication.

1

Introduction

While research in natural language processing has advanced in parsing and classifying large amounts
of text, human-computer communication is still a major challenge: speech recognition is still limited
to good signal-to-noise conditions or well adapted models; dialogue systems depend on a well-defined
context; and interactive robots that match human communication performance are not yet available.
One important reason is the fact that the crossmodal binding between language, actions, and visual
events is not yet fully understood and realised in technical systems for the interaction with humans.
Imaging techniques such as fMRI have provided a better understanding about which areas in the
cortex are involved in natural language processing, and that these areas include somatosensory
regions. Language studies have shown that there is a tight involvement of crossmodal sensation and
action in speech processing and production as well as in language comprehension. Thus there is
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increasing evidence that human language is embodied, which means that it is grounded in most if not
all sensory and sensorimotor modalities, and that the human brain architecture favours the acquisition
of language by means of crossmodal integration. However, while such language studies shed light on
what information is processed where, they do not address how such areas function and compute.
In this position paper we present the vision-and action-embodied language learning research as part
of the Crossmodal Learning (CML) project. In this project we aim to develop an integrated neuralnetwork and knowledge-based model that processes auditory, visual and proprioceptive information
and thus learns language by grounding speech in embodied perception. We develop the neural
model, the neurobotic technology to embed it into a real child-like learning environment as well
as the teaching framework, which substitutes a teaching caregiver. Such an endeavour will help to
understand how information processing and learning takes place spatio-temporally in a cortical model
with shared crossmodal representations. Overall, the model and teaching framework will provide a
better understanding of how language is learned by grounding speech in embodied perception, how
an instruction is interpreted to conduct actions in a real-word scene, and how learning can scale up to
a human-like level of language competence.

2

A novel model for embodied language acquisition

Recent findings in neuroscience revealed evidence for embodied language processing in the brain.
Specifically, Borghi et al. claimed that the sensorimotor system is involved during perception, action
and language comprehension (3). In their review and meta-analysis they inferred that actions as well
as words and sentences, which are referring to actions, are firstly encoded in terms of the overall goal
(the overall concept) and then of the relevant effectors. In addition, Pulvermüller et al. suggested
that for specific combinations of lexical and semantic information a combination of cortical areas,
including auditory, motor, or olfactory cortices, can act as binding sites (13).
Latest cortical models in developmental robotics opened up the opportunity to observe language
processing on humanoid neuro-robots (14; 5; 15), but could not yet achieve a plausibility and
complexity with respect to these findings (6). Thus we cannot study the emergence of language and
to learn how internal representations for the meaning of utterances develop, and how the temporal
flow of information across the modalities is shaped (16). The goal of our research is to address these
issues and develop a novel model based on crossmodal and multiple timescale characteristics.
2.1

How can language emerge in a computational model?

The central objectives in developing and studying a neurocognitively plausible model are to understand
how language emerges and how the crossmodal integration bootstraps cognition. One specific research
question is how temporal dynamic visual and proprioceptive perception contributes to the learning of
the meaning of language production. The first hypothesis is that reverberating neural activities act as
a memory in extracting a concept for the respective modality and joint modalities.
Secondly, we are keen to examine how the learning of meaning for holistic morphemes (or words) as
well as for holo-phrases up to vocabulary-rich phrases scales up in an integrated architecture. The
second hypothesis is that a certain degree of embodied grounding is necessary to learn a larger but
hierarchically interdependent set of words and phrases. This means that a language learner requires a
teaching environment that facilitates the learning of large and rich amounts of examples, including
descriptions of possibly grounded or abstract interactions of a child-like learner with its environment
(we will elaborate this in Sec. 3).
Validation of these concepts will require to embed the development of such a model as close as
possible into a child-like learning environment. Constraints and assumptions can be clarified and
limited by employing an embodied robotic implementation.
2.2

Crossmodal grounding in a cortical model

In previous models it was examined how the structure of the human cortex supports the integration
of crossmodal input and how these integrative connection patterns result in high-level cognitive
capabilities such as language understanding and production, while the development of specific
connectivity is based on self-organization from the input data (8; 17). They showed that such a model
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Figure 1: Architecture of the crossmodal model for grounding natural language, consisting of
CTRNNs with multiple timescales for auditory production as well as for somatosensory and visual
perception, and CAs for representing and processing the primitive concepts as well as abstract
concepts. A sequence of phonemes (utterance) is produced over time, based on sequences of
embodied crossmodal perception.

can learn sentences by extracting words and the underlying concepts from a verbal utterance and at
the same time extract the concept from a body action both from the somatosensory as well as from
the visual modalities (8; 9). The abstract concepts for somatosensory and visual perception are quite
ambiguous on their own, but could be disambiguated in shared latent representations for the auditory
production. To some extent, the model can generalise the verbal description to novel scenes where
objects with different shape and colour properties can be recognised. In this paper we propose to
develop the model further to allow for an up-scaling to reflect the language competence of up to two
year-old children (6).
Our novel model is visualised in Fig. 1. As underlying characteristics, the model is based on a number
of key principles:
a The architecture consists of several neurocognitively plausible Continuous Time Recurrent
Neural Networks (CTRNNs).
b The layers are designed with varying leakage characteristics, thus operating on multiple
timescales (19). This is inspired by the findings that a distinct increase in timescale is
inherent along the caudal-rostral axis in the frontal lobe (1), indicating that layers of neurons
in higher level areas process on slow dynamics and high abstraction, whereas neurons in
sensory or motor areas process on fast dynamics.
c The layers are on the conceptual level interconnected in Cell Assemblies (CAs), thus exchanging and merging the respective auditory, somatosensory, and visual abstract representations
and (4).
d Shortcut connections are included between intermediate layers in the respective modalities.
Although in the brain the motor areas for speech output (controlling muscles for the lips,
tongue and the larynx) and somatosensory areas as well as areas involved in visual perception
may have different degrees of interconnectivity, the fusion of the information that these
areas process happens in higher regions (13). In language processing this indicates that
higher level concepts can form by the activation of large and highly distributed CAs of
neurons that are strongly and reciprocally connected (11). Other CAs can take on the role of
mediators between those concept-CAs and smaller CAs, which represent specific semantics
like morphemes and lemmas.
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3

A novel knowledgeable language teacher

A growing infant is exposed to many contextually varying discourses to pick up word-segmentation,
word-object binding, and generalisation (6). Therefore, the training of a plausible model requires
data that stems from some real embodied interactions and is available in large quantities.
To instruct the neural model for embodied language acquisition, we thus propose a novel knowledgeable language teaching system. This artificial teacher is considered to substitute a knowledgeable
caregiver that instructs the crossmodal neural model embedded in a learning agent.
3.1

Central goal and functionality

The knowledge-based machine teaching system aims to automatically generate instances to facilitate
language learning of the humanoid neuro-robot learner (we will elaborate this in Sec. 4) and must
have access to crossmodal observations as well. Since language learning in humans is complex, and
requires a child to experience several months of exposure to language, to multisensory context, and
to active teaching by a caregiver to understand utterances, it would be extremely time-consuming and
impractical for people to act as a language teacher to a robotic learner.
To simulate the real-world teaching scenario between parents and children, the teaching system
will automatically provide a large number of crossmodal experiences, containing both possible
interactions with objects and their verbal descriptions for neural model learning. In this teaching
system, crossmodal information such as images, videos and describing texts are combined for a
better overall learning from different aspects. Knowledge graphs are also considered as high-quality
structured information for a deeper understanding of the attributes and relationships between objects.
This scenario-focused knowledge accounts for core concepts (e.g. objects) and their attributes (e.g.
actions afforded by the objects) that may be embodied for the robotic agent. Moreover, the teaching
system is supposed to be able to efficiently repeat training sessions with fixed or varying conditions,
and also help to avoid the experimenter’s bias that is caused by human teachers.
3.2

Methodology

We will implement our crossmodal knowledge-based machine teaching system in a way that the
teacher can observe the scene in which the learner interacts, and can describe the scene with a
verbal description. The description can be both specific or constructive. Moreover, we will provide
crossmodal knowledge in the form of both, visual actions (not necessarily containing embodied
somatosensory cues) and verbal descriptions. More specifically, the construction of the teaching
system contains four steps:
1.
2.
3.
4.

Collect crossmodal information,
Develop joint crossmodal knowledge representations,
Combine embodied experience with abstract experience of the knowledge-based system,
Provide efficient test cases for evaluation.

For the first step, we collect knowledge from a) video streams from the robotic learner interacting
with the objects together with a human description of physical respective scene, and b) existing
large-scale knowledge bases such as Freebase. Secondly, a joint crossmodal knowledge representation
model will be developed to better understand potential attributes and relations between objects. The
representation of images and video streams could be inspired by the huge success of convolutional
neural networks for a variety of tasks like image classification (10), while the representation of
knowledge could be learned under the state-of-the-art framework of translation-based methods (12).
Moreover, we will also exploit several techniques (such as efficient object detection and entity
recognition) to enrich video streams with text knowledge, to simulate further experience.
As the third step, we combine embodied interactions with abstract knowledge from the knowledgebased teaching system into the teaching process. The robotic learner must be able to bridge the gap
from words and concepts learned from embodied interaction to additional knowledge learned from
the teaching system. Thus, related examples will be provided that the learner has only experienced
visually or somatosensorily, or may have never experienced at all. For example, the learner may
experience a red cup and learn its attributes (both how a cup looks according to its shape and colour
4

and how it feels by touching). In addition, the teaching system will enable the robotic learner to
extensively learn about various types of cups with different shapes and colors (or even teacups and
bowls) from images or videos.
Finally, to evaluate whether the robotic learner can develop appropriate understandings and motor
actions, the knowledge-based teacher should also provide efficient test cases. Since we simulate the
real-world language teaching, the test cases will be embedded in a crossmodal scenario.
3.3

Significance and feasibility

Knowledge is essential and plays a significant role in the teaching system. First, we suppose that
structured knowledge reflects the cognition to the real world. Cognition could compose discrete
learned information to a structured knowledge graph, linking objects to each other or to their attributes,
which helps language learning. Second, the joint knowledge representation enables association to
similar objects (e.g. apple and orange) even if are never experienced by the learner. Knowledge
inference is also available via the crossmodal representations, so that we can better understand more
complicated instructions. Third, structured knowledge provides information for disambiguation,
which is an essential challenge in language learning and understanding. It is natural to construct
structured knowledge simultaneously while learning language.
Previous work on knowledge representation builds the foundation of our knowledge-based teaching
system. TransE projects both, entities and relations, into the same continuous low-dimensional vector
space, interpreting relations as translating operations between head and tail entities (2). This helps us
to build relationships between entities, which improves the ability of association in language learning.
As for crossmodal learning in knowledge representation, DKRL proposes a novel description-based
representation for each entity (18), which combines textual information in entity descriptions with
structured information in knowledge graphs. Our method of a crossmodal knowledge representation
could be inspired by this framework. These recent approaches will form a basis to explore scenariofocused crossmodal knowledge extraction to enable a robot to learn languages.

4

Technologies and experimental design

Embodied language learning of the neurocognitive model will be studied on an interactive humanoid
robot platform that is instructed by the knowledgeable teacher. As a first important characteristic, the
learner must feature multimodal sensation capabilities to emulate the rich perception of a learning
infant. For our particular scenario, the learner is supposed to interact with different objects in its
field of view and must capture continuous stereo-visual and somatosensory perception – specifically
proprioceptive information for an arm, but also tactile information for the hand – as well as perceive
verbal descriptions from the knowledgeable teacher (see Fig. 2). The second important characteristic
is the knowledgeable teacher that can observe and interpret the interactions and also inform about
knowledge that is partially related to the interaction or even disconnected at all. The platform is
overall related to the developmental robotics approach, in terms of capturing developmental principles
and mechanisms observed in the natural cognitive systems of children (6), but is designed bottom-up
from the neurocognitive model (8).
4.1

Evaluation and analysis methodology

To analyse the model’s characteristics, we are interested to identify parameter settings for the best
(relative) generalisation capabilities in order to analyse the information patterns that emerges for
different parts of the architecture. Inspired from infant learning the evaluation will be embedded in
the real world scenario, where the robot is supposed to show ideal performance for novel but related
scenes, compared to the learned natural language interactions with the teacher and its environment (6).
The analysis will be focused on correlating and quantifying the latent representations that might form
in different higher level areas for specific modalities and in the higher level as well as mediating CAs
between the modalities. This methodology is related to analysing representations from MEG or fMRI
data (7), and can reveal how the architecture self-organises, based on the spatio-temporal dynamics
as well as the hierarchical dependencies in the multi-modal training data.
5

Figure 2: The learner explores interaction with objects, while the knowledgeable teacher describes
the respective interaction in natural language.
4.2

Up-scaling and meaningful uncertainty in a learner-caregiver scenario

In order to scale the model, the neuro-robotic learner will be exposed to rich permutations of temporal
dynamic multimodal perception and desired auditory productions, thus to multi-variance data with
a tremendous complexity and seemingly large degree of uncertainty. A central hypothesis for the
learning is that a neurocognitively plausible model might be able to self-organise the binding of
coherent sounds (or words) with visual entities or certain arm movements (primitive actions), but
could heavily benefit from scaffolding: Similar to language learning in infants the learning could be
shaped by teaching simple words and holo-phrases first, and then more complex utterances – without
altering weights for certain layers in the architecture. In preliminary tests we learned that layers with
a medium timescale show a predisposition in capturing holistic words and can be used to generate
novel phrases. In addition, such step-by-step learning could also reveal differences and similarities in
developed internal representations that emerge from learning.

5

Conclusion

We propose a research approach for understanding the temporal dynamics and mechanism underlying language processing and acquisition in the human brain. The development and study of our
cortical neural model, integrated in a knowledgeable teaching framework, can provide theoretical
and experimental evidence for the general hypothesis that a neural architecture that maximizes
crossmodal as opposed to unimodal representations requires fewer resources and learning cycles, and
can achieve better generalisation to unknown circumstances but also greater robustness in memorising
and accessing its stored representations. With such an outcome we can design novel neuroscientific
experiments on discovering crossmodal integration particularly in language processing and construct
future robotic companions that provide better communication capabilities.
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[17] M. Vavrečka and I. Farkaš. A multimodal connectionist architecture for unsupervised grounding
of spatial language. Cognitive Computation, 6(1):101–112, 2014.
[18] R. Xie, Z. Liu, J. Jia, H. Luan, and M. Sun. Representation learning of knowledge graphs with
entity descriptions. In Proc. AAAI-16, pages 2659–2665, 2016.
[19] Y. Yamashita and J. Tani. Emergence of functional hierarchy in a multiple timescale neural
network model: A humanoid robot experiment. PLOS Computational Biology, 4(11):e1000220,
2008.

7

Diagnostic classifiers: revealing how neural networks
process hierarchical structure

Sara Veldhoen, Dieuwke Hupkes and Willem Zuidema
ILLC, University of Amsterdam
P.O.Box 94242, 1090 CE Amsterdam, Netherlands
{s.f.veldhoen, d.hupkes, zuidema}@uva.nl

Abstract
We investigate how neural networks can be used for hierarchical, compositional
semantics. To this end, we define the simple but nontrivial artificial task of processing nested arithmetic expressions and study whether different types of neural
networks can learn to add and subtract. We find that recursive neural networks
can implement a generalising solution, and we visualise the intermediate steps:
projection, summation and squashing. We also show that gated recurrent neural
networks, which process the expressions incrementally, perform surprisingly well
on this task: they learn to predict the outcome of the arithmetic expressions with
reasonable accuracy, although performance deteriorates with increasing length. To
analyse what strategy the recurrent network applies, visualisation techniques are
less insightful. Therefore, we develop an approach where we formulate and test
hypotheses on what strategies these networks might be following. For each hypothesis, we derive predictions about features of the hidden state representations at each
time step, and train ’diagnostic classifiers’ to test those predictions. Our results
indicate the networks follow a strategy similar to our hypothesised ’incremental
strategy’.

1

Introduction

A key property of language is its hierarchical compositional semantics: the meaning of larger wholes
such as phrases and sentences depends on the meaning of the words they are composed of and the
way they are put together, and phrases can be hierarchically combined into more complex phrases.
For example, the meaning of the compound noun natural language research paper is a combination
of the meanings of natural language and research paper, which in turn are combinations of the
meanings of the individual words. Whether ‘classical’ neural networks can adequately compute the
grammaticality and meaning of sentences with hierarchical structure has been a the topic of many
heated debates in linguistics and cognitive science [e.g. Pinker and Mehler, 1988, Fodor and Pylyshyn,
1988].
In the literature, one can find many attempts at designing neural models that are able to capture
hierarchical compositionality [e.g. Elman, 1990, Rodriguez, 2001, Sutskever et al., 2011], as well as
a vast amount of papers on improved computational methods to train such models [e.g. Zeiler, 2012,
Kingma and Ba, 2014], but very few focus on understanding the internal dynamics of the parameterrich models [but see Karpathy et al., 2015]. In this paper, we do not focus on designing better training
algorithms or models, or even on achieving high accuracies, but rather on understanding how neural
networks can implement solutions that involve hierarchical compositionality.
A substantial problem encountered in such an undertaking, is the difficulty of evaluating whether
a neural model can in fact capture the semantics of a sentence, as meanings can usually not be
summarised by a single number or class. Several tools have been developed to assess the quality of
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result_stack = [], mode_stack = [];
result = 0, mode = +;
for symbol in expression do
if symbol == ’(’ then
mode_stack.append(mode);
result_stack.append(result);
result = 0
else if symbol == ’)’ then
mode = mode_stack.pop();
prev_result = result_stack.pop();
result = mode(prev_result, result)
else if symbol == ’+’ then
mode = +
else if symbol == ’-’ then
mode = else
result = apply(mode, result, symbol)
end
return result

mode_stack = [];
result = 0, mode = +;
for symbol in expression do
if symbol == ’(’ then
mode_stack.append(mode)
else if symbol == ’)’ then
mode = mode_stack.pop()
else if symbol == ’+’ then
pass
else if symbol == ’-’ then
if mode == - then
mode = +
else
mode = else
result = apply(mode, result, symbol)
end
return result
(b) Incremental strategy

(a) Recursive strategy

Figure 1: Different symbolic strategies for incrementally solving arithmetic expressions incrementally.
The apply function applies the operator specified by mode (+, −) to the two numbers specified by
result and symbol.
lexical representations, but no satisfactory option is available to study representations that result from
composition. A common approach to train and evaluate sentence representations is to have them
execute a task that requires semantic knowledge of the sentence such as sentiment analysis, logical
inference or question-answering [e.g. Le and Zuidema, 2015a,b, Hermann et al., 2015].
Although solving such tasks might be worth pursuing in its own right, this task-driven setting obscures
the mechanisms for semantic composition that we aim to investigate. Therefore, in this paper we take
a different approach, by looking at an artificial language of which both the sentences and the lexical
items have clearly (and symbolically) defined meanings. We present a thorough analysis of two
different kinds of neural models that process sentences from this language, as well as an innovative
method to study their behaviour: the diagnostic classifier.

2

Arithmetic language

The language we consider for this study consists of words for all integers in the range {−10, . . . , 10},
the operators + and – and the brackets ( and ). All (bracketed) mathematically correct expressions
that can be formed with these words constitute the sentences of the arithmetic language. The
(compositional) meaning of a sentence is the solution of the corresponding arithmetic expression. As
the minus operator is non-commutative, meanings depend not only on lexical items, but also on the
syntactic structure as prescribed by the brackets. The unambiguously defined syntax and semantics,
as well as their entanglement, make the arithmetic language very suitable to evaluate whether and
how neural network models can learn compositional semantics.
Naturally, we do not aim to find or improve ways to solve the task of computing the outcome
of arithmetic expressions. Rather, we study the solutions found by neural networks, using our
understanding of how the task can be solved symbolically. In what follows, we will distinguish
sentences by length, that is: ‘L7’ refers to those sentences that contain exactly 7 digits. We also
distinguish subsets containing only left-branching (e.g. L9L) or right-branching expressions (L6R),
respectively, as well as syntactically non-restricted subsets.
Symbolic strategies One can think of different strategies to incrementally compute the solution
of an arithmetic expression, the most obvious of which perhaps involves recursively traversing
through the expression and computing the outcome of all subtrees before finally accumulating the
results at the end. Alternatively, the digits can be accumulated immediately at the moment they are
encountered, maintaining a prediction of the solution at any point during the computation. Figure 1
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Figure 2: Network architecture TreeRNN
contains procedural descriptions for both the recursive and the incremental strategy. An incremental
implementation of the recursive strategy requires a stack to store previously computed outcomes of
subtrees, as well as the operators needed to integrate them. The incremental strategy, on the other
hand, requires only information about previously seen operators, which is less demanding.

3

Models

We study two types of network architectures: recursive neural networks and recurrent neural networks.
The former are structured following the syntactic structure of a sentence, whereas the latter processes
sentences sequentially, reading them one word at the time.
3.1

Recursive Neural Network (TreeRNN)

The Recursive Neural Network or TreeRNN [Socher et al., 2010, Goller and Kuchler, 1996] is a
hybrid neural network model that explicitly deals with compositionality by shaping its architecture
after the syntactic structure of its input. This structure is thus assumed to be known beforehand, when
the network is instantiated, which makes the network dependent on external parses. Figure 2a shows
a TreeRNN instantiation of an L3 expression.
The composition function of the TreeRNN
p = tanh(W · [x1 ; x2 ; x3 ] + b),

(1)

where W ∈ Rd×3d and b ∈ Rd , operates on the concatenation of three d-dimensional vectors
{x1 , x2 , x3 } that represent subphrases or words. The result is a vectorial parent representation p of
the same dimensionality d. As such, the function can be applied recursively. Notably, there is a single
composition function that is applied for each subtree, where the operators are treated as lexical items.
Training The composition function is trained in a regime inspired by Bowman and Potts [2015],
who train a network for logical reasoning. Two sentence meanings are computed by treeRNNs with
shared parameters. An additional neural classifier predicts the relation between the concatenated
sentence representations, which generates an error signal that is backpropagated to update the
parameters. In this case, the prediction concerns the (in)equality (’<’, ’=’ or ’>’) that holds between
the two (numerical) solutions. This training setup is displayed in Figure 2b.
3.2

Recurrent Neural Network (RNN)

In addition to the syntactically informed TreeRNNs, we study the behaviour of their well-known
sequential counterparts: recurrent neural networks (RNNs). In particular, we consider two types of
RNNs: simple recurrent networks (SRNs), as originally introduced by Elman [1990], and Gated
3
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Figure 3: Mean Squared Error of scalar prediction for best performing models on the test sentences.
Recurrent Units (GRUs), defined in [Cho et al., 2014]. The SRN consist of a single hidden layer h
with a nonlinear activation function and a feedback connection:
ht = tanh(Wxt + Uht−1 + b)

(2)

The GRU is an extended version of this model, in which gates are used to modulate the recurrent
information flow. Two gate values are computed from the previous hidden layer activation and the
current input. The reset gate r affects the computation of a candidate hidden state h̃t :
rt = σ(Wr xt + Ur ht−1 + br )

h̃t = tanh(Wxt + Uh (r

ht−1 ) + bh )

(3)

where denotes the element wise product and σ the logistic sigmoid function. The new activation
ht−1 is a weighted sum of the candidate activation h̃t and the previous activation ht−1 , modulated
by the update gate z.
ht = (1 − zt )

zt = σ(Wz xt + Uz ht−1 + bz )

ht−1 + zt

h̃t ,

(4)

All W ∈ Rh×d , all U ∈ Rh×h and all b, z and r ∈ Rh with h = |h| and d = |x|.
Training The RNNs have access to the syntactic structure implicitly, through the brackets, inputted
as words. Both the embeddings and the weights for the sequential models are trained on an error
signal from a simple linear perceptron that predicts the real-valued solution of the expression from
the hidden representation in the last time step.

4

Data and Results

We train all models on an arbitrarly sampled set of expressions from L1, L2, L4, L5 and L7 (3000
expressions from each subset) with randomly generated syntactic structures. During training we
update also the word embeddings. All models are trained using stochastic gradient descent with
minibatches. The scalar prediction models are trained with optimiser Adam [Kingma and Ba, 2014]
and mse loss, the original TreeRNNs with Adagrad [Zeiler, 2012] and cross-entropy.1
The TreeRNN obtains a classification accuracy of 0.97 on test data (sentences up to length 9) for the
comparison task. To make its results comparable to those of the sequential RNNs, we train a neural
network with one hidden layer to perform the same task as the RNNs, i.e., predicting the solution of
expressions. Importantly, we keep both the embeddings and the parameters of the TreeRNN fixed
during this training, and only update the weights of the prediction network.
The main purpose of quantifying how well the task is performed by different types networks is to
establish which models learned to perform the task well enough to analyse how they implement the
1

Source code of the simulations can be found at https://github.com/dieuwkehupkes/Arithmetics.
For part of our implementation we used the Python library Keras [Chollet, 2015].
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solution. We therefore only report the results of the models that perform best, which can be found
in Figure 3.2 The SRNs do not seem to have learned a principled solution with this training regime.
We find that the TreeRNN generalises adequately to longer (unseen) sentences, evident from the
smooth progression of the performance with respect to length [Bowman et al., 2015]. Although the
generalisation capacity of the GRU (with |h| = 15) is weaker, it seems the GRU has also learned a
solution that is sensitive to the syntactic structure. Figure 3b reveals that completely right-branching
sentences are much harder to process for the GRU. Left-branching sentences, which allow for direct
accumulation of numbers, prove much easier. The performance of TreeRNNs, on the other hand,
suffers from tree depth, regardless of the branching direction.

5

Analysis

In the previous section, we established that a number of our trained networks can - at least to some
extent - compute the compositional meaning of sentences and phrases in the arithmetic language in a
generalising way. We will present an analysis of the internal dynamics of the best performing models,
explaining how the task of computing the outcome of the arithmetic expressions is implemented.
We will start with considering the TreeRNN, whose extremely low dimensionality allows for a
comprehensible account of the implementation of the solution. Subsequently, we will analyse the
internal dynamics of the GRU network, and introduce a new approach for testing hypotheses about
the strategies a network might engage.
5.1

TreeRNN

To understand how a TreeRNN computes the composition of digits and operators, we break down the
computation into different steps: project, sum and squash.
Project The application function of the TreeRNN (1) can be rewritten as a sum of three terms,
which results in the following expression for the composition function:
p = f (W1 · xL + WM · x2 + WR · x3 + b)

(5)

where each Wi ∈ R2×2 projects one of the three input children to a new position in the two
dimensional representational space. Figure 4 depicts the digit embeddings and their projections,
illustrating how the left and right children are projected to almost orthogonal subspaces.

Figure 4: The projections of the seemingly unorganised digit embeddings (blue) through WL (as left
child, green) and WR (as right child, purple) reveal their organisation.
Sum The coloured arrows in Figure 5 show how the projected representations and the bias term are
summed. From the two subfigures, it is clear that the projections of the operators + and – through
WM are roughly opposite. Together with the bias, the result is sent to positions close to the y- and
x-axis, for + and – respectively, which is important for the last step of the computation.
2

Except for the SRN models, the results over different runs were comparable on a performance level.
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(a) ( 2 + 3 )

(b) ( 5 - ‘( 2 + 3 )’ )

Figure 5: Summation of projections - left (green), middle (yellow) and right (purple) child - together
with bias term (blue). Squash (tanh activation, grey) shifts the result back to the range (−1, 1).

Squash In this last step, both coordinates of the representation are squashed into the range (−1, 1)
by the activation function tanh. As the projected representations are already within this range for
one of the dimensions, depending on the operator, the effect of the squash operation is close to a
horizontal or vertical shift.
Recursion Figure 6a depicts the representations of 2000 L9 expressions whose last applied operators (under the recursion) were subtraction (representations on horizontal line) and addition (vertical
line), respectively. In Figure 6b we see that if these representations are the input of a new operation,
they get projected onto the same diagonals (by the left and right part of the composition matrix, see
equation 5) as the digit embeddings were. Although noise may be accumulated through the depth of
the tree, this solution thus works recursively for longer expressions.

(a) Representations of L9 sentences

(b) Projections of L9 representations

Figure 6: Representations of 2000 L9 expressions whose root operation was subtraction (x ≈ 1,
vertical line) or addition (y ≈ 1, horizontal line). Right: how these would get projected by WL
(green) and WR (purple) to serve as an input to a new computation.

5.2

Sequential model

Studying the internal structure of the sequential RNNs is more complicated, as the higher dimensionality of the models makes visual inspection impractical. Furthermore, the complex interaction
between gates and hidden states in the GRU, as well as the fact that the networks are forced to
incrementally process an input that is not strictly locally processable, makes it much less clear which
computation is carried out at what point in time.
Diagnostic Classifiers To analyse the internal dynamics of the GRU, we propose a generic method
that can be used to test and formulate hypotheses about solutions a model could be implementing on
an algorithmic level [Marr, 1982]. Such hypotheses are formulated as sequences of targets for each
6
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Figure 7: Testing a single hypothesis with a diagnostic classifier.

time step, and diagnostic classifiers are trained to predict such sequences from the RNNs hidden
representations. Evidently, the parameters of the original model are kept fixed during training.
For example, if the network were to follow the incremental strategy described in Figure 1b, the model
should have a representation of the intermediate result at each point in time. If the sequence of
intermediate results can be accurately predicted by a diagnostic classifier (see Figure 7), this indicates
that these values are in fact computed by the original model. As the diagnostic model should merely
read out whether certain information is present in the hidden representations rather than perform
complex computations itself, we use a simple linear model as diagnostic classifier. In the current
paper, we test the hypothesis that the network follows either the incremental or the recursive strategy
described in Figure 1. To this end, we train three diagnostic classifiers to predict the values of the
intermediate results (result in Figure 1) and the variable mode used by the intermediate strategy to
determine whether the next number should be added
or subtracted.
1

100

50

0

1

pearsonr

1

incremental
recursief

accuracy

mean squared error

Results We find that the values required for the incremental strategy (mode and result) can be
more accurately predicted than the recursive intermediate strategy values (see Figure 8). From these
findings it appears unlikely that the network implements a fully recursive strategy employing a stack
of intermediate results. For the incremental strategy, on the other hand, the predictions are generally
accurate, even for longer sentences. Notably, the diagnostic models exhibit a substantially lower
accuracy for right-branching trees than for lengthy trees that are entirely left-branching. This is
consistent with assumptions about the difficulty of employing information on larger size stacks as,
contrary to right-branching trees, left-branching trees can be processed strictly locally. However,
relatively high errors for sentences from L1 and L2 (for result and mode prediction, respectively)
reveal that the network deviates from this strategy at least at some points.

0.5

0
1 2 3 4 5 6 7 8 9 9L 9R

(a) prediction of result

0.5

0
1 2 3 4 5 6 7 8 9 9R 9L

(b) mode incremental

1 2 3 4 5 6 7 8 9 9L 9R

(c) trajectory correlations

Figure 8: Results of diagnostic models for GRU on different subsets of languages
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Trajectories A similar conclusion can be drawn from studying the predictions of the diagnostic
classifiers. The predictions of the diagnostic classifiers on two randomly picked L9 sentences, along
with their target trajectories as defined by the hypotheses, are depicted in Figure 9. These trajectories
confirm that the line representing the incremental strategy is much better tracked than the recursive
one (a correlation test over 5000 L9 sentences shows the same trend: Pearson’s r = 0.52 and 0.95 for
recursive and incremental, respectively).3
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5
( ( ( -9 + 0 ) + ( 6 + ( -8 - 7 ) ) ) + ( ( -3 + -1 ) - ( 6 - -2 ) ) )

10
15

( ( ( -6 +10 ) - ( ( ( 5 - 7 ) - 6 ) - -6 ) ) - ( 10 - ( 8 + 5 ) ) )

10
5
0
5
( ( ( -9 + 0 ) + ( 6 + ( -8 - 7 ) ) ) + ( ( -3 + -1 ) - ( 6 - -2 ) ) )

10

( ( ( -6 +10 ) - ( ( ( 5 - 7 ) - 6 ) - -6 ) ) - ( 10 - ( 8 + 5 ) ) )

Figure 9: Trajectories of the incremental (green, upper) and recursive (blue, lower) classifier, along
with their targets. Dashed lines show target trajectories.
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Conclusions

In this paper we studied how recursive and recurrent neural networks process hierarchical structure,
using a simple arithmetic language as a convenient toy task with unambiguous syntax and semantics
and a limited vocabulary. We showed that recursive neural networks can learn to compute the meaning
of arithmetic expressions and readily generalise to expressions longer than any seen in training.
Learning was even successful when the representations were limited to two dimensions allowing a
geometrical analysis of the solution found by the network. Understanding the organisation of the
word embedding space and the nature of the projections encoded in the learned composition function,
combined with vector addition and squashing, gave us a complete picture of the compositional
semantics that the network has learned. This made clear that the network has found a near perfect
approximation of a principled, recursive solution of the arithmetic semantics.
Still, the recursive neural network is a hybrid symbolic connectionist architecture, as the network
architecture directly reflects the tree structure of the expression it must process, and this architecture
is built up anew for each new expression using a symbolic control structure. This limits both the
computational efficiency and the usefulness of this model for understanding how the human brain
might process hierarchical structure. In this paper we therefore also analyse two recurrent neural network architectures: the classical Simple Recurrent Network and the recently popular Gated Recurrent
Units. As it turns out, the latter can also learn to compute the meaning of arithmetic expressions and
generalise to longer expressions than seen in training. Understanding how this network solves the
task, however, is more difficult due to its higher dimensionality, recurrent connections and gating
mechanism. To better understand what the network is doing we therefore developed an approach
based on training diagnostic classifiers on the internal representations.
The qualitative and quantitative analysis of the results of a diagnostic classifier allows us to draw
conclusions about possible strategies the network might be following. In particular, we find that
the successful networks follow a strategy very similar to our hypothesised symbolic ‘incremental
strategy’. From this we learn something about how neural networks may process languages with a
hierarchical compositional semantics and, perhaps more importantly, also provides an example of
how we can ‘open the black box’ of the many successful deep learning models in natural language
processing (and other domains), when visualisation alone is not sufficient.
3
The plots in Figure 9 also point to possible further refinements of the hypothesis: where the predictions
of the model change at every point in time, the targets value often remains the same for longer time spans,
indicating that a hypothesis in which information is accumulated more gradually would give an even better.
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Abstract
We investigate solving discrete optimisation problems using the ‘estimation of
distribution’ (EDA) approach via a novel combination of deep belief networks
(DBN) and inductive logic programming (ILP). While DBNs are used to learn the
structure of successively ‘better’ feasible solutions, ILP enables the incorporation
of domain-based background knowledge related to the goodness of solutions. Recent work showed that ILP could be an effective way to use domain knowledge
in an EDA scenario. However, in a purely ILP-based EDA, sampling successive
populations is either inefficient or not straightforward. In our Neuro-symbolic EDA,
an ILP engine is used to construct a model for good solutions using domain-based
background knowledge. These rules are introduced as Boolean features in the
last hidden layer of DBNs used for EDA-based optimization. This incorporation
of logical ILP features requires some changes while training and sampling from
DBNs: (a) our DBNs need to be trained with data for units at the input layer as
well as some units in an otherwise hidden layer; and (b) we would like the samples
generated to be drawn from instances entailed by the logical model. We demonstrate the viability of our approach on instances of two optimisation problems:
predicting optimal depth-of-win for the KRK endgame, and job-shop scheduling.
Our results are promising: (i) On each iteration of distribution estimation, samples
obtained with an ILP-assisted DBN have a substantially greater proportion of good
solutions than samples generated using a DBN without ILP features; and (ii) On
termination of distribution estimation, samples obtained using an ILP-assisted
DBN contain more near-optimal samples than samples from a DBN without ILP
features. Taken together, these results suggest that the use of ILP-constructed
theories could be useful for incorporating complex domain-knowledge into deep
models for estimation of distribution based procedures.

1

Introduction

There are many real-world planning problems for which domain knowledge is qualitative, and not
easily encoded in a form suitable for numerical optimisation. Here, for instance, are some guiding
principles that are followed by the Australian Rail Track Corporation when scheduling trains: (1)
If a healthy Train is running late, it should be given equal preference to other healthy Trains; (2) A
higher priority train should be given preference to a lower priority train, provided the delay to the
lower priority train is kept to a minimum; and so on. It is evident from this that train-scheduling
may benefit from knowing if a train is healthy, what a trains priority is, and so on. But are priorities
30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

and train-health fixed, irrespective of the context? What values constitute acceptable delays to
a low-priority train? Generating good train-schedules will require a combination of quantitative
knowledge of train running times and qualitative knowledge about the train in isolation, and in relation
to other trains. In this paper, we propose a heuristic search method, that comes under the broad
category of an estimation distribution algorithm (EDA). EDAs iteratively generate better solutions
for the optimisation problem using machine-constructed models. Usually EDAs have used generative
probabilistic models, such as Bayesian Networks, where domain-knowledge needs to be translated
into prior distributions and/or network topology. In this paper, we are concerned with problems for
which such a translation is not evident. Our interest in ILP is that it presents perhaps one of the most
flexible ways to use domain-knowledge when constructing models. Recent work has shown that ILP
models incorporating background knowledge were able to generate better quality solutions in each
EDA iteration [14]. However, efficient sampling is not straightforward and ILP is unable to utilize
the discovery of high level features as efficiently as deep generative models.
While neural models have been used for optimization [15], in this paper we attempt to combine the
sampling and feature discovery power of deep generative models with the background knowledge
captured by ILP for optimization problems that require domain knowledge. The rule based features
discovered by the ILP engine are appended to the higher layers of a Deep Belief Network(DBN) while
training. A subset of the features are then clamped on while sampling to generate samples consistent
with the rules. This results in consistently improved sampling which has a cascading positive effect
on successive iterations of EDA based optimization procedure. The rest of the paper is organised as
follows. Section 2 provides a brief description of the EDA method we use for optimisation problems.
Section 2.1 describes how ILP can be used within the iterative loop of an EDA for discovering rules
that would distinguish good samples from bad. Section 3 Describes how RBMs can be used to
generate samples that conform to the rules discovered by the ILP engine. Section 4 describes an
empirical evaluation demonstrating the improvement in the discovery of optimal solutions, followed
by conclusions in Section 5.

2

EDA for optimization

The basic EDA approach we use is the one proposed by the MIMIC algorithm [4]. Assuming that we
are looking to minimise an objective function F (x), where x is an instance from some instance-space
X , the approach first constructs an appropriate machine-learning model to discriminate between
samples of lower and higher value, i.e., F (x) ≤ θ and F (x) > θ, and then generates samples using
this model
Procedure EODS: Evolutionary Optimisation using DBNs for Sampling
1. Initialize population P := {xi }; θ := θ0
2. while not converged do
(a) for all xi in P label(xi ) := 1 if F (xi ) ≤ θ else label(xi ) := 0
(b) train DBN M to discriminate between 1 and 0 labels i.e., P (x : label(x) = 1|M ) > P (x :
label(x) = 0|M )
(c) regenerate P by repeated sampling using model M
(d) reduce threshold θ
3. return P

Figure 1: Evolutionary optimisation using a network model to generate samples.
Here we use Deep Belief Networks (DBNs) [7] for modeling our data distribution, and for generating
samples for each iteration of MIMIC. Deep Belief Nets (DBNs) are generative models that are
composed of multiple latent variable models called Restricted Boltzman Machines (RBMs).In
particular, as part of our larger optimization algorithm, we wish to repeatedly train and then sample
from the trained DBN in order to reinitialize our sample population for the next iteration as outlined
in Figure 1. In order to accomplish this, while training we append a single binary unit (variable) to
the highest hidden layer of the DBN, and assign it a value 1 when the value of the sample is below
θ and a value 0 if the value is above θ. During training that this variable, which we refer to as the
separator variable, learns to discriminate between good and bad samples. To sample from the DBN
we additionally clamp our separator variable to 1 so as to bias the network to produce good samples,
2

and preserve the DBN weights from the previous MIMIC iteration to be used as the initial weights
for the subsequent iteration. This prevents retraining on the same data repeatedly as the training data
for one iteration subsumes the samples from the previous iteration.
We now look at how ILP models can assist DBNs constructed for this purpose.

3
3.1

EDA using ILP-assisted DBNs
ILP

The field of Inductive Logic Programming (ILP) has made steady progress over the past two and half
decades, in advancing the theory, implementation and application of logic-based relational learning.
A characteristic of this form of machine-learning is that data, domain knowledge and models are
usually—but not always—expressed in a subset of first-order logic, namely logic programs. Sidestepping for the moment the question “why logic programs?”, domain knowledge (called background
knowledge in the ILP literature) can be encodings of heuristics, rules-of-thumb, constraints, text-book
knowledge and so on. It is evident that the use of some variant of first-order logic enable the automatic
construction of models that use relations (used here in the formal sense of a truth value assignment to
n-tuples). Our interest here is in a form of relational learning concerned with the identification of
functions (again used formally, in the sense of being a uniquely defined relation) whose domain is the
set of instances in the data. An example is the construction of new features for data analysis based on
existing relations (“f (m) = 1 if a molecule m has 3 or more benzene rings fused together otherwise
f (m) = 0”: here concepts like benzene rings and connectivity of rings are generic relations provided
in background knowledge).
There is now a growing body of research that suggests that ILP-constructed relational features can
substantially improve the predictive power of a statistical model (see, for example: [9, 11, 12, 10, 13]).
Most of this work has concerned itself with discriminatory models, although there have been cases
where they have been incorporated within generative models. In this paper, we are interested in
their use within a deep network model used for generating samples in an EDA for optimisation in
Procedure EODS in Fig. 1.
3.2

ILP-assisted DBNs

Given some data instances x drawn from a set of instances X and domain-specific background
knowledge, let us assume the ILP engine will be used to construct a model for discriminating between
two classes (for simplicity, called good and bad). The ILP engine constructs a model for good
instances using rules of the form hj : Class(x, good) ← Cpj (x).1 Cpj : X 7→ {0, 1} denotes a
“context predicate”. A context predicate corresponds to a conjunction of literals that evaluates to
T RU E (1) or F ALSE (0) for any element of X . For meaningful features we will usually require
that a Cpj contain at least one literal; in logical terms, we therefore require the corresponding hj to
be definite clauses with at least two literals. A rule hj : Class(x, good) ← Cpj (x), is converted to
a feature fj using a one-to-one mapping as follows: fj (x) = 1 iff Cpj (x) = 1 (and 0 otherwise).
We will denote this function as F eature. Thus F eature(hj ) = fj , F eature−1 (fj ) = hj . We will
also sometimes refer to F eatures(H) = {f : h ∈ H and f = F eature(h)} and Rules(F ) = {h :
f ∈ F and h = F eatures−1 (f )}.
Each rule in an ILP model is thus converted to a single Boolean feature, and the model will result
in a set of Boolean features. Turning now to the EODS procedure in Fig. 1, we will construct ILP
models for discriminating between F (x) ≤ θ) (good) and F (x) > θ (bad). Conceptually, we treat
the ILP-features as high-level features for a deep belief network, and we append the data layer of the
highest level RBM with the values of the ILP-features for each sample as shown in Fig 2.
1
We note that in general for ILP x need not be restricted to a single object and can consist of arbitrary tuples
of objects and rules constructed by the ILP engine would more generally be hj : Class(hx1 , x2 , . . . , xn i, c)
← Cpj (hx1 , x2 , . . . , xn i). But we do not require rules of this kind here.
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(a)

(b)

Figure 2: Sampling from a DBN (a) with just a separator variable (b) with ILP features
3.3

Sampling from the Logical Model

Recent work [14] suggests that if samples can be drawn from the success-set of the ILP-constructed
model2 then the efficiency of identifying near-optimal solutions could be significantly enhanced.
A straightforward approach of achieving this with an ILP-assisted DBN would appear to be to
clamp all the ILP-features, since this would bias the the samples from the network to sample from
the intersection of the success-sets of the corresponding rules (it is evident that instances in the
intersection are guaranteed to be in the success-set sought). However this will end up being unduly
restrictive, since samples sought are not ones that satisfy all rules, but at least one rule in the model.
The obvious modification would be to clamp subsets of features. But not all samples from a subset of
features may be appropriate.
With a subset of features clamped, there is an additional complication that arises due to the stochastic
nature of the DBN’s hidden units. This makes it possible for the DBN’s unit corresponding to a
logical feature fj to have the value 1 for an instance xi , but for xi not to be entailed by the background
knowledge and logical rule hj .
In turn, this means that for a feature-subset with values clamped, samples may be generated from
outside the success-set of corresponding rules involved. Given background knowledge B, we say
a sample instance x generated by clamping a set of features F is aligned to H = Rules(F ), iff
B ∧ H |= x (that is, x is entailed by B and H).
A procedure to bias sampling of instances from the success-set of the logical model constructed by
ILP is shown in Fig. 3.

4

Empirical Evaluation

4.1

Aims

Our aims in the empirical evaluation are to investigate the following conjectures:
(1) On each iteration, the EDOS procedure will yield better samples with ILP features than
without
(2) On termination, the EDOS procedure will yield more near-optimal instances with ILP
features than without.
(3) Both procedures do better than random sampling from the initial training set.
It is relevant here to clarify what the comparisons are intended in the statements above. Conjecture
(1) is essentially a statement about the gain in precision obtained by using ILP features. Let us denote
2

These are the instances entailed by the model along with the background knowledge, which—assuming the
rules are not recursive—we take to be the union of the success-sets of the individual rules in the model.

4

Given: Background knowledge B; a set of rules H = {h1 , h2 , . . . , hN }l; a DBN with F =
{f1 , f2 , . . . , fN } as high-level features (fi = F eature(hi )); and a sample size M
Return: A set of samples {x1 , x2 , . . . , xM } drawn from the success-set of B ∧ H.
1. S := ∅, k = 0
2. while |k| ≤ N do
(a) Randomly select a subset Fk of size k features from F
(b) Generate a small sample set X clamping features in Fk
(c) for each sample in x ∈ X and each rule hj , set countk = 0
i. if x ∈ success-set where (fj (x) = 1) => (x ∈ success-set(B and hj ))
countk = countk + 1
3. Generate S by clamping k features where countk = max(count1 , count2 ...countN )
4. return S
Figure 3: A procedure to generate samples aligned to a logical model H constructed by an ILP
engine.

P r(F (x) ≤ θ) the probability of generating an instance x with cost at most θ without ILP features
to guide sampling, and by P r(F (x) ≤ θ|Mk,B ) the probability of obtaining such an instance with
ILP features Mk,B obtained on iteration k of the EDOS procedure using some domain-knowledge
B. (note if Mk,B = ∅, then we will mean P r(F (x) ≤ θ|Mk,B ) = P r(F (x) ≤ θ)). Then for (1) to
hold, we would require P r(F (x) ≤ θk |Mk,B ) > P r(F (x) ≤ θk ). given some relevant B. We will
estimate the probability on the lhs from the sample generated using the model, and the probability
on the rhs from the datasets provided. Conjecture (2) is related to the gain in recall obtained by
using the model, although it is more practical to examine actual numbers of near-optimal instances
(true-positives in the usual terminology). We will compare the numbers of near-optimal in the sample
generated by the DBN model with ILP features, to those obtained using the DBN alone.
4.2
4.2.1

Materials
Data

We use two synthetic datasets, one arising from the KRK chess endgame (an endgame with just
White King, White Rook and Black King on the board), and the other a restricted, but nevertheless
hard 5 × 5 job-shop scheduling (scheduling 5 jobs taking varying lengths of time onto 5 machines,
each capable of processing just one task at a time).
The optimisation problem we examine for the KRK endgame is to predict the depth-of-win with
optimal play [1]. Although aspect of the endgame has not been as popular in ILP as task of
predicting “White-to-move position is illegal” [2], it offers a number of advantages as a Drosophila
for optimisation problems of the kind we are interested. First, as with other chess endgames, KRKwin is a complex, enumerable domain for which there is complete, noise-free data. Second, optimal
“costs” are known for all data instances. Third, the problem has been studied by chess-experts at least
since Torres y Quevado built a machine, in 1910, capable of playing the KRK endgame. This has
resulted in a substantial amount of domain-specific knowledge. We direct the reader to [3] for the
history of automated methods for the KRK-endgame. For us, it suffices to treat the problem as a form
of optimisation, with the cost being the depth-of-win with Black-to-move, assuming minimax-optimal
play. In principle, there are 643 ≈ 260, 000 possible positions for the KRK endgame, not all legal.
Removing illegal positions, and redundancies arising from symmetries of the board reduces the size
of the instance space to about 28, 000 and the distribution shown in Fig. 4(a). The sampling task here
is to generate instances with depth-of-win equal to 0. Simple random sampling has a probability of
about 1/1000 of generating such an instance once redundancies are removed.
The job-shop scheduling problem is less controlled than the chess endgame, but is nevertheless
representative of many real-life applications (like scheduling trains), and in general, is known to be
computationally hard.
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Cost
Instances
0
27 (0.001)
1
78 (0.004)
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3
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4
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5
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6
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7
683 (0.084)
8
1433 (0.136)
Total Instances: 28056

Cost
9
10
11
12
13
14
15
16
draw

Instances
1712 (0.196)
1985 (0.267)
2854 (0.368)
3597 (0.497)
4194 (0.646)
4553 (0.808)
2166 (0.886)
390 (0.899)
2796 (1.0)

Cost
Instances
400–500
10 (0.0001)
500–600
294 (0.003)
600–700
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700–800
7744 (0.102)
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Total Instances: 100000

(a) Chess

Cost
1000–1100
1100–1200
1200–1300
1300–1400
1400–1500
1500–1700

Instances
24067 (0.748)
15913 (0.907)
7025 (0.978)
1818 (0.996)
345 (0.999)
66 (1.0)

(b) Job-Shop

Figure 4: Distribution of cost values. The number in parentheses are cumulative frequencies.

Data instances for Chess are in the form of 6-tuples, representing the rank and file (X and Y values)
of the 3 pieces involved. For the RBM, these are encoded as 48 dimensional binary vector where
every eight bits represents a one hot encoding of the pieces’ rank or file. At each iteration k of the
EODS procedure, some instances with depth-of-win ≤ θk and the rest with depth-of-win > θk are
used to construct the ILP model, and the resulting features are appended to train the RBM model as
described in Section 3.2.3
Data instances for Job-Shop are in the form of schedules, with associated start- and end-times for each
task on a machine, along with the total cost of the schedule. On iteration i of the EODS procedure,
models are to be constructed to predict if the cost of schedule will be ≤ θi or otherwise.4
4.2.2

Background Knowledge

For Chess, background predicates encode the following (WK denotes, WR the White Rook, and BK
the Black King): (a) Distance between pieces WK-BK, WK-BK, WK-WR; (b) File and distance
patterns: WR-BK, WK-WR, WK-BK; (c) “Alignment distance”: WR-BK; (d) Adjacency patterns:
WK-WR, WK-BK, WR-BK; (e) “Between” patterns: WR between WK and BK, WK between
WR and BK, BK between WK and WR; (f) Distance to closest edge: BK; (g) Distance to closest
corner: BK; (h) Distance to centre: WK; and (i) Inter-piece patterns: Kings in opposition, Kings
almost-in-opposition, L-shaped pattern. We direct the reader to [3] for the history of using these
concepts, and their definitions. A sample rule generated for Depth<=2 is that the distance between
the files of the two kings be greater than or equal to zero, and that the ranks of the kings are seperated
bya a distance of less than five and those of the white king and the rook by less than 3.
For Job-Shop, background predicates encode: (a) schedule job J “early” on machine M (early means
first or second); (b) schedule job J “late” on machine M (late means last or second-last); (c) job J
has the fastest task for machine M ; (d) job J has the slowest task for machine M ; (e) job J has a fast
task for machine M (fast means the fastest or second-fastest); (f) Job J has a slow task for machine
M (slow means slowest or second-slowest); (g) Waiting time for machine M ; (h) Total waiting time;
(i) Time taken before executing a task on a machine. Correctly, the predicates for (g)–(i) encode
upper and lower bounds on times, using the standard inequality predicates ≤ and ≥.
4.2.3

Algorithms and Machines

The ILP-engine we use is Aleph (Version 6, available from A.S. on request). All ILP theories were
constructed on an Intel Core i7 laptop computer, using VMware virtual machine running Fedora 13,
with an allocation of 2GB for the virtual machine. The Prolog compiler used was Yap, version 6.1.35 .
The RBM was implemented in the Theano library, and run on an NVidia Tesla K-40 GPU Card.
3
The θk values are pre-computed assuming optimum play. We note that when constructing a model on
iteration k, it is permissible to use all instances used on iterations 1, 2, . . . , (k − 1) to obtain data for modelconstruction.
4
The total cost of a schedule includes any idle-time, since for each job, a task before the next one can be
started for that job. Again, on iteration i, it is permissible to use data from previous iterations.
5
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4.3

Method

Our method is straightforward:
For each optimisation problem, and domain-knowledge B:
Using a sequence of threshold values hθ1 , θ2 , . . . , θn i on iteration k (1 ≤ k ≤ n) for
the EODS procedure:
1. Obtain an estimate of P r(F (x) ≤ θk ) using a DBN with a separator variable;
2. Obtain an estimate of P r(F (x) ≤ θk |Mk,B ) by constructing an ILP model for
discriminating between F (x) ≤ θk and F (x) > θk . Use the features learnt by the
ILP model to guide the DBN sampling.
3. Compute the ratio of P r(F (x) ≤ θk |Mk,B ) to P (F (x) ≤ θk )
The following details are relevant:
• The sequence of thresholds for Chess are h8, 4, 2, 0i. For Job-Shop, this sequence is
h900, 890, 880...600i; Thus, θ∗ = 0 for Chess and 600 for Job-Shop, which means we
require exactly optimal solutions for Chess.
• Experience with the use of ILP engine used here (Aleph) suggests that the most sensitive
parameter is the one defining a lower-bound on the precision of acceptable clauses (the
minacc setting in Aleph). We report experimental results obtained with minacc = 0.7,
which has been used in previous experiments with the KRK dataset. The background
knowledge for Job-Shop does not appear to be sufficiently powerful to allow the identification
of good theories with short clauses. That is, the usual Aleph setting of upto 4 literals per
clause leaves most of the training data ungeneralised. We therefore allow an upper-bound of
upto 10 literals for Job-Shop, with a corresponding increase in the number of search nodes
to 10000 (Chess uses the default setting of 4 and 5000 for these parameters).
• In the EODS procedure, the initial sample is obtained using a uniform distribution over all
instances. Let us call this P0 . On the first iteration of EODS (k = 1), the datasets E1 + and
E1 − are obtained by computing the (actual) costs for instances in P0 , and an ILP model
M1,B , or simply M1 , constructed. A DBN model is constructed both with and without ILP
features. We obtained samples from the DBN with CD6 or by running the Gibbs chain for
six iterations. On each iteration k, an estimate of P r(F (x) ≤ θk ) can be obtained from the
empirical frequency distribution of instances with values ≤ θk and > θk . For the synthetic
problems here, these estimates are in Fig. 4. For P r(F (x) ≤ θk |Mk,B ), we use obtain the
frequency of F (x) ≤ θk in Pk
• Readers will recognise that the ratio of P r(F (x) ≤ θk |Mk,B ) to P (F (x) ≤ θk ) is equivalent to computing the gain in precision obtained by using an ILP model over a non-ILP
model. Specifically, if this ratio is approximately 1, then there is no value in using the ILP
model. The probabilities computed also provide one way of estimating sampling efficiency
of the models (the higher the probability, the fewer samples will be needed to obtain an
instance x with F (x) ≤ θk ).
4.4

Results

Results relevant to conjectures (1) and (2) are tabulated in Fig. 5 and Fig. 6. The principal conclusions
that can drawn from the results are these:
(1) For both problems, and every threshold value θk , the probabilty of obtaining instances with
cost at most θk with ILP-guided RBM sampling is substantially higher than without ILP.
This provides evidence that ILP-guided DBN sampling results in better samples than DBN
sampling alone(Conjecture 1);
(2) For both problems and every threshold value θk , samples obtained with ILP-guided sampling
contain a substantially higher number of near-optimal instances than samples obtained using
a DBN alone (Conjecture 2)
Additionally, Fig. 7 demonstrates the cumulative impact of ILP on (a) the distribution of good
solutions obtained and (b)the cascading improvement over the DBN alone for the Job Shop problem.
The DBN with ILP was able to arrive at the optimal solution within 10 iterations.
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Model
None

k=1
0.134

DBN

0.220

DBNILP

0.345

P r(F (x) ≤ θk |Mk )
k=2 k=3
k=4
0.042 0.0008 0.0005

Model
None

k=1
0.040

P r(F (x) ≤ θk |Mk )
k=2 k=3 k=4
0.036 0.029 0.024

0.050

0.015

0.0008

DBN

0.209

0.234

0.248

0.264

0.111

0.101

0.0016

DBNILP

0.256

0.259

0.268

0.296

(b) Job-Shop

(a) Chess

Figure 5: Probabilities of obtaining good instances x for each iteration k of the EODS procedure.
That is, the column k = 1 denotes P (F (x) ≤ θ1 after iteration 1; the column k = 2 denotes
P (F (x) ≤ θ2 after iteration 2 and so on. In effect, this is an estimate of the precision when predicting
F (x) ≤ θk . “None” in the model column stands for probabilities of the instances, corresponding to
simple random sampling (Mk = ∅).
Model
DBN
DBNILP

Model

Near-Optimal Instances
k=1 k=2 k=3 k=4
5/27
11/27 11/27 12/27
3/27

17/27

21/27

ILP
DBNILP

22/27

Near-Optimal Instances
k = 11 k = 12 k = 13
7/304
10/304 18/304
9/304

18/304

27/304

(b) Job-Shop

(a) Chess
∗

Figure 6: Fraction of near-optimal instances (F (x) ≤ θ ) generated on each iteration of EODS. In
effect, this is an estimate of the recall (true-positive rate, or sensitivity) when predicting F (x) ≤ θ∗ .
The fraction a/b denotes that a instances of b are generated.

(b)
(a)

Figure 7: Impact of ILP on EDOS procedure for Job Shop (a) Distribution of solution Endtimes
generated on iterations 1, 5, 10 and 13 with and without ILP (b) Cumulative semi-optimal solutions
obtained with and without ILP features over 13 iterations
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Conclusions and Future Work

In this paper we demonstrate that DBNs can be used as efficient samplers for EDA style optimization
approaches. We further look at combining the sampling and feature discovery power of Deep
Belief Networks with the background knowledge discovered by an ILP engine, with a view towards
optimization problems that entail some degree of domain information. The optimization is performed
iteratively via an EDA mechanism and empirical results demonstrate the value of incorporating ILP
based features into the DBN. In the future we intend to combine ILP based background rules with
more sophisticated deep generative models proposed recently [5, 6] and look at incorporating the
rules directly into the cost function as in [8].
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Abstract
Mammals bootstrap their cognitive structures through embodied interaction with
the world. This raises the question: how the reactive control of initial behavior
is recurrently coupled to the high-level symbolic representations they give rise
to? We investigate this question in the framework of the "Distributed Adaptive
Control" (DAC) cognitive architecture, where we study top-down and bottomup interactions between low-level reactive control and symbolic rule learning
in embodied agents. Reactive behaviors are modeled using a neural allostatic
controller, whereas high-level behaviors are modeled using a biologically-grounded
memory network reflecting the role of the prefrontal cortex. The interaction of these
modules in a closed-loop fashion suggests how symbolic representations might have
been shaped from low-level behaviors and recruited for behavior optimization.

1

Introduction

A major challenge in cognitive neuroscience is to propose a unified theory of cognition based on
general models of the brain structure [20]. Such a theory should be able to explain how specific
cognitive functions (e.g. decision making or planning) result from the particular dynamics of
an embodied cognitive architecture in a specific environment. This has led to various proposals,
formalizing how cognition arises from interaction of functional modules. Early implementations of
cognitive architectures trace back to the era of Symbolic Artificial Intelligence, starting from the
General Problem Solver (GPS, [21]) and has been followed by a number of subsequent architectures
such as Soar [13, 12], ACT-R [1, 2] and their follow-ups. These architectures are considered top-down
and representation-based in the sense that they consist of a complex representation of a task, which
30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

has to be decomposed recursively into simpler ones to be executed by the agent. Although relatively
powerful at solving abstract symbolic tasks, top-down architectures have enjoyed very little success
at bootstrapping behavioral processes and taking advantage of the agent’s embodiment (nonetheless,
several interfaces with robotic embodiment have been proposed, see [28, 24]). In contrast to top-down
representation-based approaches, behavior-based robotics [7] emphasizes lower-level sensory-motor
control loops as a starting point of behavioral complexity that can be further extended by combining
multiple control loops together, e.g. as in the subsumption architecture [6]. Such approaches are
also known as bottom-up and they generally model behavior without relying on complex knowledge
representation and reasoning. This is a significant departure from Newell’s and Anderson’s views
of cognition expressed in GPS, Soar and ACT-R. Top-down and bottom-up approaches thus reflect
different aspects of cognition: high-level symbolic reasoning for the former and low-level embodied
behaviors for the latter. However, both aspects are of equal importance when it comes to defining
a unified theory of cognition. It is therefore a major challenge of cognitive science to unify both
approaches into a single theory, where (a) reactive control allows an initial level of complexity in
the interaction between an embodied agent and its environment and (b) this interaction provides the
basis for learning higher-level symbolic representations and for sequencing them in a causal way
for top-down goal-oriented control. We propose to split the problem of how neural and symbolic
approaches are integrated into the following three research questions:
• How are high-level symbolic representations shaped from low-level reactive behaviors in a bottomup manner?
• How are those representations recruited in rule and plan learning?
• How do rules and plans modulate reactive behaviors through top-down control for realizing longterm goals?
To address these questions, we adopt the principles of the Distributed Adaptive Control (DAC)
theory of the mind and brain [31, 30], which posits that cognition is based on the interaction of four
interconnected control loops operating at different levels of abstraction (Fig. 1). The first level is the
embodiment of the agent within its environment, with the sensors and actuators of the agent (called
the Somatic layer). The Somatic layer incorporates physiological needs of the agent (e.g. exploration
or safety) and which drives the dynamics of the whole architecture [23]. Extending behavior-based
approaches with drive reduction mechanisms, complex behavior is bootstrapped in DAC from the
self-regulation of an agent’s physiological needs when combined with reactive behaviors (the Reactive
layer). This reactive interaction with the environment drives learning processes for acquiring a state
space of the agent-environment interaction (the Adaptive layer) and the acquisition of higher-level
cognitive abilities such as abstract goal selection, memory and planning (the Contextual layer). These
high-level representations in turn modulate behavior at lower levels via top-down pathways shaped
by behavioral feedback. The control flow in DAC is therefore distributed, both from bottom-up
and top-down interactions between layers, as well as from lateral information processing into the
subsequent layers.
In this paper, we present biologically-grounded neural models of the reactive and contextual layers
and discuss their possible integration to address the question of how the reactive control of initial
behavior is recurrently coupled to the high-level symbolic representations they give rise to. On one
hand, our model of the reactive layer relies on the concept of allostatic control. Sterling proposes
that allostasis drives regulation through anticipation of needs [27]. In [26], allostasis is seen as a
reactive meta-regulation system of homeostatic loops that are possibly contradicting each other in a
winner-takes-all process, modulated by emotional and physiological feedback. On the other hand, we
present a neural model of the contextual layer for rule and plan learning grounded in the neurobiology
of the prefrontal cortex (PFC) [8]. It has been shown that representations of sensory states, actions
and their combinations can be found in the PFC [16, 9] and that is reciprocally connected to sensory
as well as motor areas [9]. This puts the PFC in a favorable position for the representation of sensorymotor contingencies, i.e. patterns of sensory-motor dependencies [22], selected according to their
relevance in goal-oriented behavior. Its involvement in flexible cognitive control and planning (e.g.
[10, 5]) backs the hypothesis that sensory-motor contingencies promote flexible cognitive control and
planning. This paper aims at identifying the key neurocomputational challenges in integrating both
models in a complete cognitive architecture.
The next section introduces a model of the reactive layer based on the concept of allostatic control
and is concerned with prioritization of multiple self-regulation loops. We then present an existing
model [8] of the prefrontal cortex that is able to integrate sensory-motor contingencies in rules and
plans for long-term reward maximization. Finally, we discuss how both models can be integrated to
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Figure 1: DAC proposes that cognition is organized as a layered control structure with tight coupling
within and between these layers (adapted from [30]): the Somatic, Reactive, Adaptive and Contextual
layers. Across these layers, a columnar organization exists that deals with the processing of states
of the World or exteroception (left, red), the Self or interoception (middle, blue) and Action (right,
green). The role of each layer and their interaction is described in the text.
bridge the gap between low-level reactive control and high-level symbolic rule learning in embodied
agents. We will make a particular emphasis on how the acquired rules are able to inhibit the reactive
system to achieve long-term goals as proposed in theories on the neuropsychology of anxiety [11]
and consciousness [29, 3, 4].

2

A neural model of allostatic control

In this section we describe the concept of allostatic control and introduces a neural model for it. Based
on the principles of DAC, we consider an embodied agent endowed with physiological needs for e.g.
foraging or safety and self-regulating them through parallel drive reduction control loops. Drives aim
at self-regulating internal state variables within their respective homeostatic ranges. Such an internal
state variable could, for example, reflect the current glucose level in an organism, with the associated
homeostatic range defining the minimum and maximum values of that level. A drive for foraging
would then correspond to a self-regulatory mechanism where the agent actively searches for food
whenever its glucose level is below the homeostatic minimum, and stops eating even if food is present
whenever levels are above the homeostatic maximum. A drive is therefore defined as the real-time
control loop triggering appropriate behaviors whenever the associated internal state variable goes out
of its homeostatic range, as a way to self-regulate its value in a dynamic and autonomous way. It is
common for drives to be competing and we thus require a method to prioritize them. Consider for
example a child in front of a transparent box full of candies, with a caregiver telling her to not open
the box. Two drives are competing in such a situation: one for eating candies and one for obeying
to the caregiver. Depending on how fond of candies she is and of how strict the caregiver is, she
will choose to either break a social rule or to enjoy an extremely pleasant moment. Such regulation
conflicts can be solved through the concept of an allostatic controller [26], defined as a set of parallel
homeostatic control loops operating in real-time and dealing with their prioritization to ensure an
efficient global regulation of multiple internal state variables.
The allostatic control model we introduce in this paper is composed of three subsystems (Fig. 2).
Motor primitive neurons are connected to the agent actuators through synaptic connections. For
example, on a 2-wheeled mobile robot, a "turn right" motor primitive would excite the left wheel
actuator and inhibit the right wheel one, whereas a "go forward" motor primitive would excite
3

both. A repertoire of behaviors (inner boxes inside the middle box) link sensation neurons (middle
nodes in the behavior boxes) to motor primitive neurons (right nodes in the behavior boxes) through
behavior-specific connections. In a foraging behavior for example, sensing food on the right would
activate a "turn right" motor primitive, whereas in an obstacle avoidance action, sensing an obstacle
on the right would activate a "turn left" motor primitive. In Figure 2, two behaviors are connected to
the two same motor primitives. In the general case however, they could only connect to a specific
relevant subset of the motor primitives. The agent’s exteroceptive sensors (vertical red bar on the
middle) are connected to sensation nodes in the behavior subsystem (middle nodes in each inner
box) by connections not shown in the figure. Each behavior is provided with an input activation
node (left node in each behavior box) which has a baseline activity (indicated by the number 1)
inhibiting the sensation nodes. Therefore, if no input is provided to an activation node, the sensation
nodes of the corresponding behavior are inhibited, preventing information to propagate to the motor
primitives. Drive nodes (left) can activate their associated behavior through the inhibition of the
corresponding activation nodes, that in turn disinhibit sensation nodes through a double inhibition
process, allowing sensory information to propagate to the motor primitives. In Figure 2, two drives
nodes are represented, each connected to its associated behavior which is supposed to reduce the
drive activity (e.g. a foraging drive connecting to food attraction behavior). Drive nodes are activated
through connections from the agent’s interoceptive sensors (vertical red bar on the left) and form a
winner-takes-all process through mutual inhibition. This way, drives compete against each other as in
the child-caregiver example presented above.

3

Contextual layer: a neural implementation of a rule learning system

In the context of the DAC architecture, we use an existing biologically-grounded model for rule
learning and planning developed in our research group [8] based on key physiological properties of the
prefrontal cortex (PFC), i.e. reward modulated sustained activity and plasticity of lateral connectivity.
Recent proposals highlight the role of sensory–motor contingencies as the building blocks of many
intelligent behaviors including rule learning and planning. Sensory–motor contingencies combine
information about perceptual inputs and related motor actions forming internal states, which are
subsequently used to structure and plan behavior. The DAC architecture has been developed to
investigate how sensory–motor contingencies can be formed and exploited for behavioral control such
as rule learning and flexible planning. Contingencies formed at the level of the adaptive layer provide
inputs to the contextual layer, which acquires, retains, and expresses sequential representations using
systems for short-term and long-term memory. The PFC-grounded contextual layer consists of a
group of laterally connected memory-units. Each memory-unit is selective for one specific stimulus,
e.g. color, and can induce one specific action, e.g. "go left", "go forward" or "go right", forming a
sensory–motor contingency (Fig. 3). A memory-unit can be interpreted as a micro-column comprising
a number of neurons with the same coding properties. Sequential rules are expressed through the
coordinated activation of different memory-units in the correct order. This group of memory-units
forms the elementary substrate for the representation and expressions of rules.
The activity of memory-units in this architecture is driven by perceptual inputs, observed reward and
state prediction through the lateral connectivity. Memory-units compete in a probabilistic selection
mechanism. The higher the activity, the higher the probability of being selected. The selected
memory-units propagate their activity and contribute to the final action of the agent. To express a rule,
the activity of these memory-units must be modulated in order to control the selection of specific units
contributing to the final action. The modulated activity of these units is influenced by two systems, the
lateral connectivity and the reward system. The lateral connectivity captures the context and the order
of the sequential rules and influences activity through trigger values. Trigger values allow to chain
through a specific sequence of memory-units. The reward system validates different rules represented
in the network and influences the activity through the reward value. The modulation of each memoryunit activity is realized by multiplying the perceptual activity by the trigger value as well as the
reward value. This model has been validated in simulated robotic experiments where stimuli-response
associations have to be learned to maximize reward in a multiple T-maze environment, as well in
solving the Towers of London task. Moreover the model is able to re-adapt to a changing environment,
e.g. when the stimuli-response associations are modified on-line [8].
4
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Interoception

1

Body + Environment
Figure 2: The allostatic control model we introduce in this paper is composed of three subsystems:
Drives, Behaviors and Motor Primitives, represented by the left, middle and right boxes, respectively.
The behavior subsystem is itself composed of multiple behaviors represented by the inner boxes (two
behaviors are represented in the figure). Inside those subsystems, round nodes represent neurons that
can have a baseline activation (indicated by a number 1) or not (no number). Synaptic connections
between neurons are represented by dark arrows, where a peak end (resp. a bar end) indicates an
excitatory (resp. inhibitory) connection. Vertical red bars represent neural populations that act as
the interface of the agent with its environments through interoceptive sensations (left), exteroceptive
sensations (middle) and actuation (right). Those neural populations interact in a predefined way
with the neuron nodes they overlap with, trough connections not shown in the figure. On a 2wheeled mobile robot for example, motor primitives for e.g. turning right or going forward would be
represented by nodes in the motor primitive subsystem and connected to the left and right wheels
actuators represented by the vertical red bar on the right. Similarly, left and right proximeter sensors
would be represented by the middle vertical bar and connected to the sensory neurons of the behaviors
that require this information, as it would be the case of the sensory neurons of an obstacle avoidance
behavior but not of a light following one (because the latter behavior doesn’t require proximeter
information).

4

Bridging the gap between reactive control with continuous sensory-motor
contingencies and symbolic prediction through rule learning

We have presented in the two last sections two neural models.
• The first, that we call the reactive layer, implements an allostatic controller which deals with the
parallel execution of possibly conflicting self-regulation control loops in real-time. It is composed
of three subsystems: Drives that are activated through interoception (related e.g. to the organism’s
glucose level for a foraging drive), Behaviors implemented by reactive control loops (e.g. attraction
to food spot when the glucose level is low) and activation of Motor Primitives that send the required
commands to the agent’s actuators (e.g. turning left or turning right).
• The second, that we call the contextual layer, implements a rule learning system composed of
a large number of memory units that each encodes a specific sensory-motor contingency, i.e. is
sensitive to a particular sensory receptive field and activates a particular action. Lateral connectivity
between units, learned from the agent’s experience, allows the temporal chaining of sensory-motor
contingencies through action. Each unit is associated with a reward value that is also learned and
predict the (possibly delayed) reward expected by executing the corresponding action encoded by the
unit in the corresponding sensory state it is selective to. At a given time, the activity of each memory
5
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Figure 3: Left: In the DAC architecture the reactive/adaptive layer provides the agent with simple
automatic behaviors and forms sensory–motor contingencies used in the contextual layer. Each circle
stands for a bi-modal perception–action memory unit. The color of the circle indicates the perception
selectivity while the arrow indicates the action specificity. The contextual layer is driven by the
sensory input. The lateral connectivity primes the sequence of the activation. A reward-value system
modifies the activity in order to select between the memory-units primed by the lateral connectivity.
An action selection mechanism provides the final action for the agent. Right: Implementation of a
single memory-unit (in inset A). The perceptual selectivity ai is driven by perception e through the
weight matrix W . The trigger value ti is driven by the activation of other memory-units through the
(learned) weights U . The reward value is noted ri . The motor activity induced by a memory-unit is
driven by its total activity ai ∗ ti ∗ ri through the weight matrix V . Inset B: symbolic representation
of the same memory-unit, where the color represents the perceptual selectivity, the inner arrow the
motor specificity and the external arrows the lateral connectivity.

unit is driven by the sensitivity of that unit to the current agent’s perception, the prediction of that
perception from the lateral connections and the reward value learned by the unit over time. The most
activated units then compete together to decide what next action should be performed to maximize
future rewards.
In this section, we discuss how both layers can be integrated in a complete cognitive architecture
where contextual rules are learned from sensory-motor actions generated by reactive control, and
where the actions generated by the contextual layer in turn, modulates the activity of the reactive
system to achieve long-term goals. To illustrate the cognitive dynamics at work, let’s consider again
the example we have described above about a child that experiences a conflict between eating candies
and disobeying to a caregiver. How the reactive and contextual layer models we have presented in
the two last sections interact together in such a situation? Without any previous experience of it,
only the reactive layer generates behavior through the self-regulation of internal drives, here eating
candies and obeying the caregiver. Satisfying one or the other drive depends on their respective
current level as well as the parameters of their mutual inhibition (one could conceive it as personality,
rather a rebel or a good child). Since this situation occurs in various contexts, where the drive initial
activities differ, the consequences of both behaviors are experienced by the child. When she obeys
the caregiver, she is frustrated of not eating a candy. When she disobeys, she has an argument with
the caregiver and likely doesn’t eat any candy anyway according to how strict her opponent is. By
experiencing multiple times the consequences of the two actions, she will discover that respecting
6

the social rule is of better interest to maximize reward, consequently self-inhibiting her own drive
for eating candies by contextual top-down control acting on the reactive layer. Besides this real-life
example, such a top-down "behavioral inhibition system" has been proposed as a major component
of theories on the neuropsychology of consciousness [29] and anxiety [11].
A computational implementation of the reactive and contextual layer integration has to solve the
issues of (a) preprocessing sensory-motor information generated by the reactive layer to provide
relatively abstract and stable perceptions of the environment at the contextual level, (b) modulating
the memory-unit activities through reward values derived from the drive levels, (c) modulating the
activity of drive levels from the output generated by the contextual layer to maximize reward.
Solving (a) requires the addition of an adaptive layer in the architecture that acquires a state space of
the agent-environment interaction through perceptual learning mechanism modulated by reward. In
previous computational models of the DAC architecture, this is accounted as associative learning [14].
In the context of the two models presented in this paper, a solution consists of a direct connection
from the sensation neurons of the reactive layer to the perceptual activation of memory units as in Fig.
3. In the current version of the rule learning model, a large number of memory-units is generated
with pseudo-random perceptual sensitivity and motor specificity. Therefore the total number of units
has to be large compared to the number of units that are actually recruited for generating actions
after learning. Adaptively tuning memory-unit sensitivity would allow optimization of the size
of the network, e.g. through a learning rule able to attract perceptual sensitivity of memory units
according to their rewarding effect. Note that a similar learning rule can be applied for learning the
motor specificity of memory-units. Besides a direct connection between the neural units of both
layers, neural hierarchies would also improve rule learning by providing more abstract information
to memory-units. This can be achieved using recent advances in Deep Reinforcement Learning, as
e.g. in [17], able to learn highly abstract perceptual representations from raw sensory data driven by
reward; or by adopting a more biologically-grounded approach using neurocomputational models of
perceptual learning grounded in the neurobiology of the cerebral cortex interaction with the amygdala
[25]. Neuromodulators independent from reward are also present during aversive events, sustained
attention or surprise, modulating not just memory formation but perception as well. The temporal
stabilization of sensory features have been proposed in [32]. Note that not only sensory information
can be abstracted and stabilized, but hierarchies of needs [15] and behaviors as well.
To solve (b), reward values can directly be computed from drive activities: the lower the drive activity
the better it is satisfied. Drive-related activities can also modulate the reward value of memory
units according to the physiological context. This way, lateral connectivity among memory units is
coding for the causal link between sensory-motor contingencies, supposed to be context-independent,
whereas reward activation depends on the current configuration of drive levels (one could call it the
emotional state of the agent). This will allow the memory network to behave over different rule sets
according to the internal state of the agent (the rules maximizing reward when an agent is hungry are
not the same as when it is sleepy), avoiding learning interference between different situations.
Finally, regarding (c), we propose that the contextual layer’s activity modulates the reactive one by
directly acting on the drive levels, instead of acting latter in the reactive layer pipeline, e.g. on the
motor primitives. By directly modulating the drive levels, the contextual layer takes full control of
the reactive one by acting on it from the source (see Fig. 2. This allows the agent to self-inhibit some
of its own drives for maximizing reward on the long term as in the child-caregiver example.

5

Conclusion

In this paper we have designed an allostatic controller and introduced a novel computational model
implementing it. This reactive layer allows the self-regulation of multiple drive-reduction control
loop operating in parallel. Then we have presented an existing computational model of a contextual
layer grounded in the neurobiology of the prefrontal cortex and able to learn sequential rules and
plans through experience. Finally, our main contribution in this paper has been to argue for both a
bottom-up and top-down interaction between low-level reactive control and high-level contextual
plans. Symbolic representations in our approach are learned as sensory-motor contingencies encoded
in discrete memory-units from the activity generated by the reactive layer. In turn, the actions
generated by the contextual layer modulates the activity of the reactive system through a top-down
pathway, inhibiting reactive drives to achieve long-term goals.
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Both the reactive and contextual models are implemented and we are now working on their computational integration. We have identified in the last section the main challenges in term of bottom-up
perceptual abstraction, multitask reward optimization as well as top-down drive modulation. This
will allow a computational implementation of a reactive agent, embodied in a physical mobile robot
and progressively acquiring contextual rules of its environment from experience, thus demonstrating
an increasingly rational behavior.
We will also put a particular emphasis on applying this integrated cognitive architecture to study
the formation of social norms in multi-robot setups [19, 18]. The long term goal is to understand
how the constraints imposed by a multi-agent environment favor conscious experience. The research
direction we adopt is based on the hypothesis that social norms are needed for the evolution of large
multi-agent groups and that the formation of those social norms requires each individual to take
conscious control of its own drive system [29].
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Abstract
This paper presents our recent work on the design and development of a new, large
scale dataset, which we name MS MARCO, for MAchine Reading COmprehension.
This new dataset is aimed to overcome a number of well-known weaknesses of
previous publicly available datasets for the same task of reading comprehension
and question answering. In MS MARCO, all questions are sampled from real
anonymized user queries. The context passages, from which answers in the dataset
are derived, are extracted from real web documents using the most advanced
version of the Bing search engine. The answers to the queries are human generated.
Finally, a subset of these queries has multiple answers. We aim to release one
million queries and the corresponding answers in the dataset, which, to the best
of our knowledge, is the most comprehensive real-world dataset of its kind in
both quantity and quality. We are currently releasing 100,000 queries with their
corresponding answers to inspire work in reading comprehension and question
answering along with gathering feedback from the research community.

1

Introduction

Building intelligent agents with the ability for reading comprehension (RC) or open-domain question
answering (QA) over real world data is a major goal of artificial intelligence. Such agents can have
tremendous value for consumers because they can power personal assistants such as Cortana [3], Siri
[6], Alexa [1], or Google Assistant [4] found on phones or headless devices like Amazon Echo [2], all
of which have been facilitated by recent advances in deep speech recognition technology [18, 9]. As
these types of assistants rise in popularity, consumers are finding it more convenient to ask a question
and quickly get an answer through voice assistance as opposed to navigating through a search engine
result page and web browser. Intelligent agents with RC and QA abilities can also have incredible
business value by powering bots that automate customer service agents for business found through
messaging or chat interfaces.
Real world RC and QA is an extremely challenging undertaking involving the amalgamation of
multiple difficult tasks such as reading, processing, comprehending, inferencing/reasoning, and finally
summarizing the answer.
The public availability of large datasets has led to many breakthroughs in AI research. One of the
best examples is ImageNet’s [10] exceptional release of 1.5 million labeled examples and 1000 object
categories which has led to better than human level performance on object classification from images
[15]. Another example is the very large speech databases collected over 20 years by DARPA that
enabled successes of deep learning in speech recognition [11]. Recently there has been an influx of
datasets for RC and QA as well. These databases, however, all have notable drawbacks. For example,
some are not large enough to train deep models [27], and others are larger but are synthetic.
30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

One characteristic in most, if not all, of the existing databases for RC and QA research is that the
distribution of questions asked in the databases are not from real users. In the creation of most RC
or QA datasets, usually crowd workers are asked to create questions for a given piece of text or
document. We have found that the distribution of actual questions users ask intelligent agents can be
very different from those conceived from crowdsourcing them from the text.
Furthermore, real-world questions can be messy: they may include typos and abbreviations. Another
characteristic of current datasets is that text is often from high-quality stories or content such as
Wikipedia. Again, real-world text may have noisy or even conflicting content across multiple
documents and our experience is that intelligent agents will often need to operate over this type of
problematic data.
Finally, another unrealistic characteristic of current datasets is that answers are often restricted to an
entity or a span from the existing reading text. What makes QA difficult in the real world is that an
existing entity or a span of text may not be sufficient to answer the question. Finding the best answer
as the output of QA systems may require reasoning across multiple pieces of text/passages. Users
also prefer answers that can be read in a stand-alone fashion; this sometimes means stitching together
information from multiple passages, as the ideal output not only answers the question, but also has
supporting information or an explanation.
In this paper we introduce Microsoft MAchine Reading Comprehension (MS MARCO) - a large scale
real-world reading comprehension dataset that addresses the shortcomings of the existing datasets
for RC and QA discussed above. The questions in the dataset are real anonymized queries issued
through Bing or Cortana and the documents are related web pages which may or may not be enough
to answer the question. For every question in the dataset, we have asked a crowdsourced worker to
answer it, if they can, and to mark relevant passages which provide supporting information for the
answer. If they can’t answer it we consider the question unanswerable and we also include a sample
of those in MS MARCO. We believe a characteristic of reading comprehension is to understand when
there is not enough information or even conflicting information so a question is unanswerable. The
answer is strongly encouraged to be in the form of a complete sentence, so the workers may write a
longform passage on their own. MS MARCO includes 100,000 questions, 1 million passages, and
links to over 200,000 documents. Compared to previous publicly available datasets, this dataset is
unique in the sense that (a) all questions are real user queries, (b) the context passages, which answers
are derived from, are extracted from real web documents, (c) all the answers to the queries are human
generated, (d) a subset of these queries has multiple answers, (e) all queries are tagged with segment
information.
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Related Work
Dataset
MCTest

Segment
N

Query Source
Crowdsourced

WikiQA

N

User logs

CNN/Daily Mail

N

Cloze

Children’s Book

N

Cloze

SQuAD

N

Crowdsourced

MS MARCO

Y

User logs

Answer
Multiple
choice
Sentence
selection
Fill in entity

# Queries
2640

# Documents
660

3047

Fill in the
word
Span of
words
Human
generated

688K

29.26K
sentences
93K CNN,
220K DM
688K contexts,
108 books
536

1.4M

100K
100K

1M passages,
200K+ doc.

Table 1: Comparison of some properties of existing datasets vs MS MARCO. MS MARCO is the
only large dataet with open ended answers from real user queries
Datasets have played a significant role in making forward progress in difficult domains. The ImageNet
dataset [10] is one of the best known for enabling advances in image classification and detection and
inspired new classes of deep learning algorithms [22] [13] [15]. Reading comprehension and open
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domain question answering is one of those domains existing systems still struggle to solve [31]. Here
we summarize a couple of the previous approaches towards datasets for reading comprehension and
open domain question answering.
One can find a reasonable amount of semi-synthetic reading comprehension and question answering
datasets. Since these can be automatically generated they can be large enough to apply modern data
intensive models. Hermann et al. created a corpus of cloze style questions from CNN / Daily News
summaries [16] and Hill et al. has built the Children’s Book Test [17]. Another popular question
answering dataset involving reasoning is by Weston et al. [31]. One drawback with these sets is it
does not capture the same question characteristics we find with questions people ask in the real world.
MCTest is a challenging dataset which contains 660 stories created by crowdworkers, 4 questions per
story, and 4 answer choices per question [27], but real-world QA systems needs to go beyond multiple
choice answers or selecting from known responses. WikiQA is another set which includes 3047
questions [32]. While other sets are synthetic or editor-generated questions WikiQA is constructed
using a more natural process using actual query logs. It also includes questions for which there
are no correct sentences which is an important component in any QA system like MS MARCO.
Unfortunately, these sets are too small to try data demanding approaches like deep learning.
A more recently introduced reading comprehension dataset is the Stanford Question Answering
Dataset (SQuAD) [26] which consists of 107785 question/answer pairs from 536 articles where the
answer is span of paragraph. A few differences between MS MARCO and SQuAD is (a) SQuAD
consisting of questions posed by crowdworkers while MS MARCO is sampled from the real world,
(b) SQuAD is on a small set of high quality Wikipedia articles while MS MARCO is from a large
set of real web documents, (c) MS MARCO includessome unanswerable queries and (d) SQuAD
consists of spans while MS MARCO has human generated answers (if there is one).

3

The MS MARCO Dataset

In order to deliver true machine Reading Comprehension (RC), we start with QA as the initial
problem to solve. Our introduction covered some of the key advantages of making very large RC or
QA datasets freely available that contain only real-world questions and human crowdsourced answers
versus artificially generated data. Given those advantages, our goal is that MS MARCO [5] - a large
scale, real-world and human sourced QA dataset - will become a key vehicle to empower researchers
to deliver many more AI breakthroughs in the future, just like ImageNet [10] enabled for image
comprehension before.
Additionally, building an RC-oriented dataset helps us understand a contained yet complex RC
problem while learning about all of the infrastructure pieces needed to build such a large one-million
query set that helps the community make progress on state-of-the-art research problems. This task
is also helping us experiment with natural language processing and deep learning models as well
as to understand detailed characteristics of the very large training data required to deliver a true AI
breakthrough in RC.
This first MS MARCO release contains 100,000 queries with answers to share the rich information
and benchmarking capabilities it enables. Our first goal is to inspire the research community to try
and solve reading comprehension by building great question answering and related models with the
ability to carry out complex reasoning. We also aim to gather feedback and learn from the community
towards completing the one-million query dataset in the near future.
This dataset has specific value-added features that distinguish itself from previous datasets freely
available to researchers. The following factors describe the uniqueness of the MS MARCO dataset:
• All questions are real, anonymized user queries issued to the Bing search engine.
• The context passages, which answers are derived from, are extracted from real Web documents in the Bing Index.
• All of the answers to the queries are human generated.
• A subset of these queries has multiple answers.
• A subset of these queries have no answers.
• All queries are tagged with segment information.
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The next sections outline the structure, building process and distribution of the MS MARCO dataset
along with metrics needed to benchmark answer or passage synthesis and our initial experimentation
results.
3.1

Dataset Structure and Building Process

The MS MARCO dataset structure is described in Table 2 below.
Field
Query
Passages
Document URLs
Answer(s)
Segment

Definition
Question query real users issued to the Bing search engine.
Top 10 contextual passages extracted from public Web documents to answer
the query above. They are presented in ranked order to human judges.
URLs for the top documents ranked for the query. These documents are the
sources for the contextual passages.
Synthesized answers from human judges for the query, automatically extracted passages and their corresponding public Web documents.
QA classification tag. E.g., tallest mountain in south america belongs to the
ENTITY segment because the answer is an entity (Aconcagua).
Table 2: MS MARCO Dataset Composition

Starting with the real-world Bing user queries we filter them down to only those that are asking for a
question (1) and the Web index documents mentioned in Table 2 as data sources, we automatically
extracted context passages from those documents (2). Then, human judges selected relevant passages
that helped them write natural language answers to each query in a concise way (3). Following
detailed guidelines, judges used a Web-based user interface (UI) to complete this task (3 and 4). A
simplified example of such a UI is shown in figure 2.
A feedback cycle and auditing process evaluated dataset quality regularly to ensure answers were
accurate and followed the guidelines. In the back-end, we tagged queries with segment classification
labels (5) to understand the resulting distribution and the type of data analysis, measurement and
experiments this dataset would enable for researchers. Segment tags include
• NUMERIC
• ENTITY
• LOCATION
• PERSON
• DESCRIPTION (Phrase)
It is important to note that the question queries above are not artificially handcrafted questions based
on Web documents but real user queries issued to Bing over the years. Humans are not always clear,
concise or to the point when asking questions to a search engine. An example of a real question
query issued to Bing is {in what type of circulation does the oxygenated blood flow between the heart
and the cells of the body?}. Unlike previously available datasets, we believe these questions better
represent actual human information seeking needs and are more complex to answer compared to
artificially generated questions based on a set of documents.
To solve for these types of questions we need a system with human level reading comprehension and
reasoning abilities. E.g., given a query such as {will I qualify for osap if i’m new in canada} as shown
in figure 2 one of the relevant passages include:
You must be a 1. Canadian citizen, 2. Permanent Resident or 3. Protected person
A RC model needs to parse and understand that being new to a country is usually the opposite
of citizen, permanent resident, etc. This is not a simple task to do in a general way. As
part of our dataset quality control process, we noticed that even human judges had a hard time
reaching this type of conclusions, especially for content belonging to areas they were not familiar with.
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The MS MARCO dataset that we are publishing consists of four major components:
• Queries:These are a subset of user queries issued to a commercial search engine wherein
the user is looking for a specific answer. This is in contrast to navigational intent which is
another major chunk of user queries where the intent is to visit a destination website. The
queries were selected through a classifier which was trained towards answer seeking intent
of the query based on human labeled data. The query set was further pruned to only contain
queries for which the human judges were able to generate an answer based on the passages
that were provided to the judges.
• Passages: For each query, we also present a set of approximately 10 passages which
might potentially have the answer to the query. These passages are extracted from relevant
webpages. The passages were selected through a separate IR (information retrieval) based
machine learned system.
• Answers: For each query, the data set also contain one or multiple answers that were
generated by human judges. The judge task involved looking at the passages and synthesizing
an answer using the content of the passages that best answers the given query.
• Query type: For each query, the dataset also contains the query intent type across five
different categories – (a) description, (b) numeric, (c) entity, (d) person and (e) location. For
example, "xbox one release date" will be labeled as numeric while "how to cook a turkey"
will be of type description.This classification is done using a machine learned classifier
using human labeled training data. The features of the classifier included unigram/bigram
features, brown clustering features, LDA cluster features, dependency parser features,
amongst others. The classifier was a multi-class SVM classifier with an accuracy of 90.31%
over test data.
Since the query set is coming from real user queries, not all queries explicitly contain "what", "where",
"how" kind of keywords even though the intents are similar. For example, users could type in a query
like "what is the age of barack obama" as "barack obama age". Table 3.1 lists the percentage of
queries that explicitly contain the words "what", "where", etc.
Query contains Percentage of queries
what
37.7%
how
15.2%
where
4.8%
when
2.2%
who
1.9%
why
1.4%
which
1.4%
Table 3: Percentage of queries containing question keywords
The following table shows the distribution of queries across different answer types as described earlier
in this section.
Answer type Percentage of queries
Description
49.3%
Numeric
31.2%
Entity
10.1%
Location
6.3%
Person
3.1%
Table 4: Distribution of queries based on answer-type classifier

4

Experimental Results

In this section, we present our results over a range of experiments designed to showcase characteristics
of MS MARCO dataset. As we discussed in section 3, human judgments are being accumulated in
5

order to grow the dataset to the expected scale. Along the time line various snapshots of the dataset
were taken and used in thoughtfully designed experiments for validation and insights. With dataset
developing, the finalized experiment results may differ on the complete dataset, however, we expect
observations and conclusions to be reasonably representative.
We group the queries in MS MARCO dataset into various categories based on their answer types, as
described in subsection 3.1. The complexity of the answers varies greatly from category to category.
For example, the answers to Yes/No questions are simply binary. The answers to entity questions can
be a single entity name or phrase, such as the answer "Rome" for query "What is the capital of Italy".
However, for other categories such as description queries, a longer textual answer is often required to
answer to full extent, such as query "What is the agenda for Hollande’s state visit to Washington?".
These long textual answers may need to be derived through reasoning across multiple pieces of text.
Since we impose no restrictions on the vocabulary used, different human editors often compose for
the same query multiple reference answers with different expressions.
Therefore, in our experiments different evaluation metrics are used for different categories, building
on metrics from our initial proposal [24]. As shown in subsection 4.1 and 4.2, we use accuracy and
precision-recall to measure the quality of the numeric answers, and apply metrics like ROUGE-L
[23] and phrasing-aware evaluation framework [24] for long textual answers. The phrasing-aware
evaluation framework aims to deal with the diversity of natural language in evaluating long textual
answers. The evaluation requires a large number of reference answers per question that are each
curated by a different human editor, thus providing a natural way to estimate how diversely a group
of individuals may phrase the answer to the same question. A family of pairwise similarity based
metrics can used to incorporate consensus between different reference answers for evaluation. These
metrics are simple modifications to metrics like BLEU [25] and METEOR [8], and are shown to
achieve better correlation with human judgments. Accordingly as part of our experiments, a subset of
MS MARCO where each query has multiple answers was used to evaluate model performance with
both BLEU and pa-BLEU as metrics.
4.1

Generative Model Experiments

Recurrent Neural Networks (RNNs) are capable of predicting future elements from sequence prior. It
is often used as a generative language model for various NLP tasks, such as machine translation [7],
query answering [16], etc. In this QA experiment setup, we mainly target training and evaluation of
such generative models which predict the human-generated answers given queries and/or contextual
passages as model input.
• Sequence-to-Sequence (Seq2Seq) Model: Seq2Seq [30] model is one of the most commonly
used RNN models. We trained a vanilla Seq2Seq model similar to the one described in [30]
with query as source sequence and answer as target sequence.
• Memory Networks Model: End-to-End Memory Networks [29] was proposed for and has
shown good performance in QA task for its ability of learning memory representation of
contextual information. We adapted this model for generation by using summed memory
representation as the initial state of a RNN decoder.
• Discriminative Model: For comparison we also trained a discriminative model to rank
provided passages as a baseline. This is a variant of [20] where we use LSTM [19] in place
of Multilayer Perceptron (MLP).

Best Passage
Passage Ranking
Sequence to Sequence
Memory Network

Description
Best ROUGE-L of any passage
A DSSM-alike passage ranking model
Vanilla seq2seq model predicting answers from questions
Seq2seq model with MemNN for passages

ROUGE-L
0.351
0.177
0.089
0.119

Table 5: ROUGE-L of Different QA Models Tested against a Subset of MS MARCO
Table 5 shows the result quality from these models using ROUGE-L metric. While passages provided
in MS MARCO generally contains useful information for given queries, the answer generation
nature of the problem makes it relatively challenging for simple generative models to achieve great
6

Best Passage
Memory Network

BLEU
0.359
0.340

pa-BLEU
0.453
0.341

Table 6: BLEU and pa-BLEU on a Multi-Answer Subset of MS MARCO
results. Model advancement from Seq2Seq to Memory Networks are captured by MS MARCO on
ROUGE-L.
Additionally we evaluated Memory Networks model on an MS MARCO subset where queries have
multiple answers. Table 6 shows answers quality of the model measured by BLEU and its pairwise
variant pa-BLEU [24].
4.2

Cloze-Style Model Experiments

Cloze-style test is a representative and fundamental problem in machine reading comprehension. In
this test, a model attempts to predict missing symbols in a partially given text sequence by reading
context texts that potentially have helpful information. CNN and Daily Mail dataset is one of the most
commonly used cloze-style QA dataset. Sizable progress has been made recently from various model
proposals in participating cloze-style test competition on these datasets. In this section, we present
the performance of two machine reading comprehension models using both CNN test dataset and a
MS MARCO subset. The subset is filtered to numeric answer type category, to which cloze-style test
is applicable.
• Attention Sum Reader (AS Reader): AS Reader [21] is a simple model that uses attention to
directly pick the answer from the context.
• ReasoNet: ReasoNet [28] also relies on attention, but is also a dynamic multi-turn model
that attempts to exploit and reason over the relation among queries, contexts and answers.

Accuracy
MS MARCO CNN (test)
AS Reader
55.0
69.5
ReasoNet
58.9
74.7
Table 7: Accuracy of MRC Models on Numeric Segment of MS MARCO

AS Reader
ReasoNet

1

Precision

0.9
0.8
0.7
0.6
0

0.2

0.4

0.6

0.8

1

Recall
Figure 1: Precision-Recall of Machine Reading Comprehension Models on MS MARCO Subset of
Numeric Category
We show model accuracy numbers on both datasets in table 7, and precision-recall curves on MS
MARCO subset in figure 1.
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5

Summary and Future Work

The MS MARCO dataset described in this paper above provides training data with question-answer
pairs, where only a single answer text is provided via crowdsourcing. This simplicity makes the
evaluation relatively easy. However, in the real world, multiple and equally valid answers are possible
to a single question. This is akin to machine translation where multiple ways of translation are equally
valid. Our immediate future work is to enrich the test set of the current dataset by providing multiple
answers. We plan to add 1000 to 5000 such multiple answers in the dateset described in this paper.
Subsequent evaluation experiments on comparing single vs. multiple answers will be conducted
to understand whether the model we have built has better resolution with multiple answers. The
evaluation metric can be the same METEOR as described in the experiments reported earlier in this
paper.
While MS MARCO has overcome a set of undesirable characteristics of the existing RC and QA
datasets, notably the requirement that the answers to questions have to be restricted to an entity or a
span from the existing reading text. Our longer-term goal is to be able to develop more advanced
datasets to assess and facilitate research towards real, human-like reading comprehension. Currently,
much of the successes of deep learning has been demonstrated in classification tasks [12]. Extending
this success, the more complex reasoning process in many current deep-learning-based RC and QA
methods has relied on multiple stages of memory networks with attention mechanisms and with close
supervision information for classification. These artificial memory elements are far away from the
human memory mechanism, and they derive their power mainly from the labeled data (single or
multiple answers as labels) which guides the learning of network weights using a largely supervised
learning paradigm. This is completely different from how human does reasoning. If we ask the
current connectionist reasoning models trained on question-answer pairs to do another task such as
recommendation or translation that are away from the intended classification task (i.e. answering
questions expressed in a pre-fixed vocabulary), they will completely fail. Human cognitive reasoning
would not fail in such cases. While recent work is moving towards this important direction [14],
how to develop new deep learning methods towards human-like natural language understanding and
reasoning, and how to design more advanced datasets to evaluate and facilitate this research is our
longer-term goal.

Figure 2: Simplified passage selection and answer summarization UI for human judges.
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Abstract
Responsible gambling is an area of research and industry which seeks to understand
the pathways to harm from gambling and implement programmes to reduce or
prevent harm that gambling might cause. There is a growing body of research that
has used gambling behavioural data to model and predict harmful gambling, and
the industry is showing increasing interest in technologies that can help gambling
operators to better predict harm and prevent it through appropriate interventions.
However, industry surveys and feedback clearly indicate that in order to enable
wider adoption of such data-driven methods, industry and policy makers require a
greater understanding of how machine learning methods make these predictions.
In this paper, we make use of the TREPAN algorithm for extracting decision trees
from Neural Networks and Random Forests. We present the first comparative
evaluation of predictive performance and tree properties for extracted trees, which
is also the first comparative evaluation of knowledge extraction for safer gambling. Results indicate that TREPAN extracts better performing trees than direct
learning of decision trees from the data. Overall, trees extracted with TREPAN
from different models offer a good compromise between prediction accuracy and
interpretability. TREPAN can produce decision trees with extended tests rules of
different forms, so that interpretability depends on multiple factors. We present
detailed results and a discussion of the trade-offs with regard to performance and
interpretability and use in the gambling industry.

1

Introduction

The application of machine learning to understand gambling pathways to harm and addiction is a new
and growing field of study. Account-based gambling, whether via Internet or retail channels, whilst
traditionally used for marketing purposes, has revolutionized this field of study due to the amount of
data available to identify early warning signs of potentially harmful behaviour [7]. Such data was
previously anonymous or unregistered, and not attributable to an individual player. However, the
30th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

quantity of data simultaneously opens up questions of how best to interpret the data and its results:
specifically, how to transform raw gambling session data into meaningful, descriptive variables, called
behavioural markers, and how to relate those descriptive variables to an individual who is potentially
at risk of harm or addiction.
There are two important benefits of being able to predict potential harm in gambling behaviours. The
first is improved player protection. By identifying individuals whose play pattern approximates those
who have previously experienced harm, the gambling operator can choose to share information or
advice with the player that may support healthy engagement with the gambling platform. Alternatively,
the operator may choose to restrict marketing activity or platform activities for that player for a
certain period of time. For this to happen effectively, interpretability of results is important. The
second benefit are more stable, long-term revenue flows to gambling operators, since gamblers that
might use their platform less intensively than before may do so with greater security and satisfaction.
Whilst the current machine learning methods offer good prediction performance, their effectiveness
will be limited by the machine’s inability to explain its decisions and actions to users. Explainable
machine learning will be essential if users are to understand, appropriately trust, and effectively
manage this incoming generation of artificially intelligent partners [8]. In the context of gambling,
whilst machine learning algorithms have demonstrated early promise by predicting potentially
harmful gamblers [10, 12], the industry uptake of such systems will primarily be dependent upon the
regulators’ and gambling operators’ ability to understand and effectively use them. In an effort to
overcome these challenges, previous research [15] has applied the TREPAN knowledge extraction
method to neural networks in an effort to understand aspects of harmful gambling behaviour e.g.
which kinds of profiles fit into problematic gambling, which attributes explain players who have such
profiles? Such questions are motivated by industry insight from a responsible gambling conference in
Vancouver (New Horizons in Responsible Gambling, 2016) [9] and an industry seminar in London
(Responsible Gambling Algorithms Roundtable, 2016) [8], in which gambling operators, treatment
providers and public policy officials set out the need for effective interpretation of such complex
machine learning algorithms.
In this paper, we apply TREPAN to random forests and neural networks and offer the first comparative
analysis of extracted trees from different models with different parameters regarding their accuracies
and interpretability. This is also the first comparative study of knowledge extraction for safer gambling.
Results indicate that TREPAN is a useful technique to aid interpretation of random forest and neural
networks, leading to improved performance compared to standard decision trees. Different models,
extraction parameters and tree types lead to varied loss of accuracy and degrees of interpretability.
The remainder of this paper is organised as follows: Section 2 discusses the related work in the
application of machine learning to understand and interpret gambling behaviour. Section 3 describes
the extraction and comparison methodology, including the changes to TREPAN to enable application
to both random forests and neural networks. Section 4 presents the results comparing model accuracy
and fidelity to the original random forest and neural network and between different types of extracted
trees. Section 5 discusses the interpretability of our empirical results, and concludes the need for
further research of understanding and measuring algorithm interpretation.

2
2.1

Related Work
Predicting Harm in Gambling

Machine learning algorithms have only recently been applied to this field of study as a way of
predicting potentially harmful gambling [10, 12]. In [10], data obtained from the gambling operator
International Game Technology PLC (IGT) was used to describe Internet gambling self-excluders in
terms of their demographic and behavioural characteristics. Data analysis approaches and methods
for improving the accuracy of predicting self-excluders are developed by hand towards inferred
behaviour models. Supervised machine learning models were evaluated in [14] in the context of
predicting which gamblers could be at risk of problem gambling. Their results suggest useful but
general methods and techniques for building models that can predict gamblers at risk of harm.
Building on the work from the live action sports betting dataset available from the Division on
Addiction public domain, in [12] nine supervised learning methods were assessed at identifying
disordered Internet sports gamblers. The supervised learning methods include logistic regression and
2

other regularized general linear models (GLM), neural networks, support vector machines (SVM)
and random forests. The results ranged from 62% to 67% with a random forest model reaching
the highest prediction accuracy on a test set. A key finding from [10] was that the random forest
technique performed the best in overall model accuracy (87%). The test set accuracy of the logistic
regression model was the lowest (72%), with Bayesian networks in second and neural networks in
between.
However, a major limitation of this study was the lack of interpretability of the models. The random
forests were very difficult to interpret, consisting of 200 binary decision trees of unlimited depth. The
neural network used was perceptron with a a single hidden layer, with 33 inputs, 17 hidden neurons
and 2 outputs, one for self-excluding players and the other for the control group players. With more
than 500 weights, the neural network was also a black box. The Bayesian network, which used the
K2 algorithm, included hundreds of separately defined conditional probabilities and also failed to
instigate useful insight about the problem when shown to industry experts.
2.2

Industry Need for Knowledge Extraction and Explainable Prediction Models

As reported in [15], we polled the audience at a related presentation at the 2016 New Horizons
in Responsible Gambling conference to explore the importance of knowledge extraction and algorithm interpretability. Respondents were asked whether they would prefer a responsible gambling
assessment algorithm that provided a 90% accurate assessment of problem gambling risk that they
could not unpack or understand, or a model that provided a 75% accurate assessment that was fully
interpretable and accountable. Only 20% chose the more accurate model, with 70% preferring to
sacrifice 15 percentage points of accuracy for greater interpretability (10% were uncertain or felt it
depended on the circumstances).
In a further exercise undertaken at the Responsible Gambling Algorithms roundtable event held in
London in 2016 [8], we asked senior industry stakeholders for their views on the importance of
understanding and interpreting algorithms. Senior executives and experts, including participants
drawn from gambling operators as well as representatives from treatment providers and the UK
Gambling Commission and the UK Responsible Gambling Strategy Board, were asked if accuracy
of algorithms for recognising gamblers at risk was considered a second priority compared to the
need for understanding them. The unanimous consensus from the participants expressed a preference
for a more understandable algorithm over a more accurate one. For example, Dirk Hansen, CEO of
GamCare, the UK’s largest problem gambling treatment provider, stressed the value of interpretability,
especially as this can be an advantage when providing treatment as the counsellor has specific and
relevant behavioural indicators to discuss. From a regulatory perspective, Paul Hope, Director from
the UK Gambling Commission, the industry regulator, stated that greater model understanding would
be a higher priority compared with greater accuracy.
2.3

Knowledge Extraction from Neural Networks

This paper focuses on knowledge extraction by using random forests and artificial neural networks
and TREPAN on a new IGT dataset to not only predict, but also describe, self-excluders through
knowledge extraction. Previously, in [15] a variant of TREPAN was applied to the neural network
model trained on gambling data in [10] to produce compact, human-readable logic rules efficiently.
To the best of our knowledge, this was the first industrial-strength application of knowledge extraction
from neural networks, which otherwise are black boxes and unable to provide the explanatory
insights which are required in this area of application. The research demonstrated that through
knowledge extraction one can explore and validate the kinds of behavioural and demographic
profiles that best predict self-exclusion, while developing a machine learning approach with greater
potential for adoption by industry and treatment providers. Experimental results in [15] reported
that the rules extracted achieved high fidelity (87%) to the trained neural network while maintaining
competitive accuracy (1 percentage point reduction in overall accuracy) and providing useful insight
to domain experts in responsible gambling. This raises the real possibility of implementing algorithms
for responsible gambling that offer both high accuracy and high transparency and interpretability.
However, a limitation of this research is that it did not apply TREPAN to other machine learning
methods, notably random forests, which were the most accurate model in [10].
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3

Method

Gambling Data and Data Preparation The IGT dataset is based on gambling behavioural data
made available by IGT collected from 4th December 2014 to 30th June 2016 from the regulated Internet gambling jurisdiction of Ontario, Canada. The sample data for the prediction model development
and testing was based on Internet casino play and comprised 13,615 control group players and 449
self-excluders who self-excluded for at least six months. Self-exclusion is only a secondary indicator
of disordered gambling behaviour, but specifically voluntarily exclusion from gambling platforms for
significant periods of time has been previously used a dependent variable for developing models to
predict potential harm in gambling [10].
The attributes of these players’ raw activity data are a de-identified player unique ID, date of play,
start time and end time of play sessions, type of game, game name, bet amount, and win amount. A
number of behavioural markers are extracted that represent known aspects of risk, such as how much
time gamblers spend on-line or how much they bet and how this evolves over time. For details of how
the behavioural markers were generated, please see [10]. In addition to the 33 features used in [10],
an additional 17 features were engineered and added to this data set to model additional behavioural
markers around loss behaviours, such as increasing losses, increasing variation in the size of losses,
and increasing loss chasing behaviours.
After processing the dataset contained 14,112 samples, each comprising 50 features per player. For
each set, standard descriptive statistics measures are use to identify nature of data distribution and
variance. A small number of samples with missing information was removed. This led to above
mentioned of 13,615 control group player’s samples and 449 self-excluder samples.
For the purpose of model building, a balanced training dataset was created by generating artificial
samples for the minority class (self-excluder) using SMOTE [3].
Our approach for understanding gambling behaviour through machine learning is composed of three
steps: gambling data preparation, models building using random forest and neural network algorithm,
and knowledge extraction using TREPAN.
Model Development For the purpose of model development we a combination of random subsampling the control group and oversampling the self-excluders using SMOTE [3] to create a dataset
with 1685 data points in each class.
The Random Forest models were built with forest size of 200 binary double trees, with unlimited
depth. The neural network models contained 38 hidden nodes and 2 output nodes. A learning rate of
0.2 and momentum of 0.2 were used. The values of these hyper parameters were determined in a grid
search. For comparison we also trained a standard decision tree with unlimited depth and number
of leaves, splitting by the Gini criterion using the scikit-learn package in Python. The models are
evaluated in 10-fold cross validation.
Knowledge extraction using TREPAN The original motivation of Craven’s work in [4] was to
represent a neural network model in a tree structure which could be more interpretable than a neural
network classification model. This was in the context of a wider interest in knowledge extraction
from neural networks [1,2], of which TREPAN has the advantage of being applicable to any oracle.
In this work, the motivation was to apply Craven’s method to a random forest model in addition to
a neural network model and to explore the use of different types of decision rules in the generated
trees. TREPAN generates decision rules of type M of N , N of N, 1 of N, or 1 of 1. In an M of N
configuration, a tree node contains N distinct tests. If out of these N tests, M tests are satisfied, the
tree will take one decision path, otherwise, the other path. N of N is a special case where N = M ,
creating a logical conjunction of tests. 1 of N is another special case with M = 1, creating a logical
disjunction of tests. 1 of 1 creates a standard decision tree with a single test per node. The type of
rule is can be combined with different tree sizes in the tree generation process.

4

Experimental Results

Table 1 shows results of the random forest, neural network and decision tree models. In terms of
classification accuracy, the results confirmed earlier research [10,15] that showed that random forests
performed better than neural networks on this type of data and that both methods outperform a
4

Table 1: The structure and performance or random forest and neural network models.
Model Structure
No of Trees
Tree Height
Tree Leaves
No of nodes in Hidden Layer
Area under the ROC Curve
Accuracy
True Positive Rate
True Negative Rate

Random Forest
200
16 - 28
343 - 432
0.95
90%
85%
93%

Neural Network

38
0.91
84%
80%
88%

Decision Tree
1

0.62
76%
80%
73%

Figure 1: Decision trees generated with TREPAN for both a random forest and a neural network. The
maximum number of internal nodes was set to 10.
standard decision tree with cross-validated accuracies of 90%, 84% and 76% respectively. We also
tested neural networks with 2 and 3 hidden layers (with the same learning method as described above),
but they did not improve results on this dataset.
Figure 1 depicts two trees generated by TREPAN.1 CG at a leaf represents the control group class
and SE represents the self-excluder class. For both trees, the maximum number of internal nodes is
10. It can be observed that considerable complexity is shown in the M of N configuration the several
internal nodes in each tree, especially for the larger trees.
Table 2 shows the performance of TREPAN generated trees for three different values of maximum
number of internal nodes when applied to the two models. The fidelity of the model denotes the
agreement between the TREPAN model and the original model. The accuracy of TREPAN model
denotes the agreement with the training dataset used for model development. As expected, the overall
accuracy of the TREPAN trees is reduced compared to the original models’ performance for both
models. The random forest was more accurate than the neural network, ranging from a difference of
4% to 1%, depending on the internal node size. The loss of accuracy is however lower for the trees
extracted from the neural network (2–4%) then from the random forest (6–7%). The TREPAN trees
extracted from the neural network showed higher fidelity to the original model (85%–87%), than
those extracted from random forests (80%–81%). The internal node size of the TREPAN had little
impact on accuracy or fidelity to the original models for random forests or neural networks.
The statistics of the tree and internal node structure that follow in Table 2 (M of N, feature counts,
internal nodes, leaves, depth, feature count) show some differences of interpretability. The TREPAN
trees where max.internalnodes = 20, when compared to those with max.internalnodes = 5,
typically had more M of N nodes (5 and 4 v. 4 and 1 for random forests and neural networks), more
1

Images generated with http://www.graphviz.org/.
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Table 2: Descriptive summary of TREPAN decision trees generated for both random forest and neural
networks.
Model Size
Model Type
Accuracy
Fidelity
M of N Nodes
feature count
in M of N
Internal Nodes
Leaves
Depth
Feature Count

Max. Int. Nodes = 5
RF
NN
84%
80%
84%
87%
4
1
8,2,3,8
11
4
5
4
21

Max. Int. Nodes = 10
RF
NN
83%
82%
83%
87%
5
3
8,2,3,9,8
14,3,3

1
2
1
11

5
6
4
30

5
6
4
22

Max. Int. Nodes = 20
RF
NN
83%
80%
83%
85%
5
4
9,2,3,10,8 11,4,17,10
10
11
7
37

10
11
8
48

Table 3: Comparison of results for both random forest and neural networks using four different
TREPAN tree structures
Type
M of N
N of N
1 of N
1 of 1

Size of tree
Max internal node size = 5
Max internal node size = 10
Max internal node size = 20
Max internal node size = 5
Max internal node size = 10
Max internal node size = 20
Max internal node size = 5
Max internal node size = 10
Max internal node size = 20
Max internal node size = 5
Max internal node size = 10
Max internal node size = 20

Random Forest
Accuracy Fidelity
84%
84%
83%
83%
83%
83%
52%
52%
69%
69%
70%
70%
51%
51%
75%
75%
78%
78%
51%
51%
57%
57%
68%
68%

Neural Network
Accuracy Fidelity
80%
87%
82%
87%
80%
85%
82%
78%
79%
79%
83%
81%
83%
79%
84%
79%
85%
80%
47%
54%
75%
70%
75%
73%

leaves (11 and 11 v. 5 and 2), and more features used (37 and 48 v. 21 and 11). However, this more
complex structure did not translate into a notable improvement performance.
In addition to the default M of N type trees mentioned above with arbitrary M , we also generated
TREPAN trees using N of N , 1of N , and 1of 1 structures to compare model performance, as described
in table 3. The results show that for the random forest, the N of N and 1of N lost much accuracy
compared to M of N , while there was no such loss for the neural network. This is an interesting result,
as the M of N tress were reported as hard to interpret in initial expert feedback, particularly with with
large values of N and M . From a logical perspective, the M of N nodes represents a much more
complex test rule than 1of N or N of N , which correspond to a logical rule with only N components
in a disjunction or conjunction. The 1of N case produced the best overall results for all tree types
extracted from the neural network, including the single most accurate extracted tree (85%, for max.
internal node = 20), which is event more accurate than the neural network model itself.

5

Discussion

The accuracy of random forest is throughout higher than that of the neural network, but irrespective
of their performances, both the random forest and neural networks models are still black boxes to
the end user. The decision tree generated directly form the data performs much worse than the more
complex model, which confirmed the motivation of this study.
It was observed that increasing or reducing maximum number of internal nodes had little effect on the
TREPAN model performance against the original model (random forest or neural network). This is an
interesting result because the main motivation behind generating TREPAN model trees is to enhance
the interpretation of a complex model via a simple logical rule representation. A tree with fewer
nodes delivers generally a simpler tree structure with better interpretability. For example, our 200 tree
6

random forest model would represent 3,000 pages of A4, which makes is practically uninterpretable
to humans. The smaller generated trees fit on a single page of A4, whilst reducing accuracy by a
relatively small amount. The best extracted tree had 5 percentage points lower accuracy than the best
model overall (random forest), which is well below the 15 point loss that was considered acceptable
by 80% of respondents in return for full model transparency in [15].
However, as complex test rules are created with in the nodes, it becomes harder interpret models.
With M of N nodes, the accuracy of a TREPAN tree generated from a random forest model is always
higher than that of the neural network model. This indicates that the TREPAN generated trees
represent the structure of a neural network more accurately compared to a random forest model. A
possible explanation for this that the operation of neural network nodes (summation and thresholding
with a non-linear function) can be more easily represented with M of N nodes. If M is between 1 and
M there is a combinatorial explosion of possible test results that leads to different decisions, which
makes the interpretation of a decision node a complex undertaking. However, for N of N and 1of N
the neural network generated more accurate trees. This is an interesting result, as the M of N tress
were reported as hard to interpret in initial expert feedback, particularly with with large values of
N and M . From a logical perspective, the M of N nodes represents a much more complex test rule
than 1of N or N of N , which correspond to a logical rule with only N components in a disjunction
or conjunction. This makes particularly the use of 1of N trees generated from a neural network
attractive, which are highly accurate, robust against tree size, and easier to interpret.
Future research should be aimed at extending the TREPAN algorithm to find new methods to optimise
the tree structures to aid interpretability. This entails further research assessing the value and boundary
conditions of the two parameters M and N for human interpretability.
From a user perspective, the internal structure of nodes and the shape of a tree are factors in addition
to the size of the tree and number of features that influence ability to interpret or comprehend a
decision tree model generated. We hypothesise that that limits of working memory will introduce
a non-linearity in the ease of interpretation depending on the number of nodes and the number
and type of tests within a node. Also, the congruence of decision tests with familiar concepts is
likely to influence interpretability [11] and the usefulness for practitioners such as therapists or in
automatically generated personalised messages to the user. In addition to optimising the tree structure,
improved visualizations may aid human interpretability further. A deeper understanding of the the
interpretability will require further research. Based on the current results, a combination of constraints
and selection by expert practitioners can be a practical solutions. Ultimately the interpretability vs.
accuracy trade-off will be for key stakeholders, such as regulators, scientific community, and industry
to decide upon.

6

Conclusions and Future Work

Responsible gambling can benefit from machine learning models to recognise potentially harmful
gambling behaviour. The industry does however demand models that are interpretable for professionals and can provide information to affected users. To fulfil this demand we have conducted the first
comparative study of different types of decision trees extracted from neural network and a random
forest models with TREPAN for safer gambling.
For a complex machine learning model, TREPAN generates relatively decision trees that provide an
approximation of the complex models and lend themselves to human interpretation. We evaluated
the extraction of small decision trees from neural network and random forest models with different
parametrisations with regard to different metrics of classification performance and with regard to the
properties of the resulting trees.
The results show that the loss of accuracy can be kept relatively small (between 0 and 7 percentage
points), even for small trees. The complexity of the trees generated by TREPAN depends on the
number of nodes and the structure of the rules in the decision nodes, where considerable complexity
can occur. Although random forests make the most accurate predictions, the best performing decision
tree was generated from a neural network. This was also using a simpler form of rules than other
high performing trees and seems therefore to offer the best trade-off in this study between accuracy
and interpretability.
7

However, complex rules inside decision nodes mean that the tree size is not the only metric relevant
to interpretability, and further empirical work is needed to understand better what determines interpretability for a user. From an industrial assessment perspective, we propose a further study to assess
the interpretability of TREPAN trees by domain experts and potentially for end users which can in
turn lead to improved knowledge extraction methods.
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